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Abstract

This paper investigates how stock prices respond to patent litigation events across firms of dif-
ferent sizes. Using a dataset of closed U.S. patent cases from 1990 to 2017 merged with firm-level
financial data, I conduct an event study and regression analysis to measure abnormal returns
and volatility around litigation filings. The results show that Emerging and Specialized firms
experience significantly more negative abnormal returns and higher volatility compared to Major
and Mid-Cap firms. Litigation complexity, case duration, and prior exposure are stronger pre-
dictors of investor response than legal outcomes. Machine learning results further confirm that
low trading volume and high complexity amplify litigation risk, particularly for smaller firms.
These findings suggest that firm structure—mot just litigation outcome—shapes market reac-

tions to legal uncertainty, offering new insight into how investors price intellectual property risk.
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1 Introduction

Patent litigation is a powerful force in knowledge-intensive sectors, especially technology, where
intellectual property (IP) is often a firm’s most valuable asset. A single patent suit can wipe
out up to $30 million in market capitalization (Galasso & Schankerman, 2015), and prolonged
legal uncertainty may reduce innovation by as much as 50% in smaller firms (Bessen & Meurer,
2008). Prior research consistently shows that litigation imposes significant costs beyond legal fees —
affecting stock prices, R&D investment, and firm survival (Galasso & Schankerman, 2015; Bhagat
et al., 1994; Lerner, 1995). These effects are amplified in IP-intensive markets with frequent legal
disputes.

While a growing literature links litigation to firm value, most studies focus on average effects
(Marco, 2021; Allison et al., 2004), event outcomes (Henry, 2013), or patent-specific factors like
quality (Lanjouw & Lerner, 2001). Few examine how stock market reactions vary across firm cat-
egories — specifically by size or litigation history. This paper addresses that gap by analyzing
event-level market responses to patent litigation across four firm types: Major, Mid-Cap, Spe-
cialized, and Emerging (defined based on market capitalization thresholds: > $100B for Major,
$10B — $99.9B for Mid-Cap, $2B — $9.9B for Specialized, and < $2B for Emerging)

Prior studies also highlight variation in the intensity and persistence of litigation effects. Henry
(2013) finds negative returns after “Invalid” rulings, while Bereskin et al. (2023) show underpricing
of defendants post-litigation, attributed to investor pessimism. Chen et al. (2021) find that lawsuits
by non-practicing entities (NPEs) trigger spillover effects for peer firms. These results suggest
that firm-level characteristics such as liquidity, size, and reputation shape how markets interpret
litigation risk, yet direct firm-type comparisons remain limited.

Litigation complexity has also emerged as a key factor. Lemley (2005) and Reitzig et al. (2007)
argue that complex cases heighten uncertainty and information asymmetry, leading to larger val-
uation shocks. Studies like Acikalin et al. (2022) and TQL (2021) examine system-wide shifts in
legal enforcement but do not measure case-specific complexity. This paper contributes by using
document count at the filling date as a continuous proxy to assess complexity’s differential impact
across firm types.

Building on prior work focused on aggregate effects or binary outcomes, this paper provides



an event-level analysis of stock returns following closed patent litigation cases from 1990 to 2017.
Using daily abnormal returns over a 31-day window, stratified by firm type, I estimate how litigation
affects firm valuation. The results show that Emerging and Specialized firms experience sharper and
more persistent post-filing declines, reflecting their limited liquidity and greater litigation exposure.
In contrast, larger firms show more muted reactions. These patterns suggest that market responses
are shaped by firm size, legal exposure, and complexity—factors with implications for how investors

price legal risk, how firms manage IP, and how policymakers assess enforcement outcomes.

2 Data

My dataset combines patent litigation records from PACER and RECAP (1990-2017) with firm-
level financial data from Nasdaq and YFinance. Each observation represents a unique litigation
case, identified by case number and district court, and linked to a publicly listed firm via ticker
symbol.

The primary outcome variables are the raw percentage change in stock price and the average
abnormal return (AR) over a 31-day event window (day —15 to +15 around the litigation filing
date). Abnormal returns are calculated as the difference between actual and expected returns,
where expected returns are estimated using a standard market model. In later sections, I also refer
to cumulative abnormal returns (CARs), which represent the time-aggregated effect of daily ARs
within the event window.

Key litigation variables include duration (days between filing and closing), document count at
filling date (a proxy for case complexity), litigation type (based on the case cause), and resolution
status (closed or ongoing). Filing year is included to control for time effects. Firm-level variables in-
clude market capitalization (firm size), average trading volume during the event window (liquidity),

and prior litigation history (total past cases involving the firm).



3 Summary Statistics and Data Visualization
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Figure 1: Daily Abnormal Returns around Litigation Filing Date
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Figure 2: Cumulative Abnormal Returns (CAR)

Figures 1 and 2 show the average stock market response to patent litigation filings from 1990 to
2017. Figure 1 presents daily abnormal returns (ARs), while Figure 2 plots cumulative abnormal
returns (CARs) over a 31-day window centered on the filing date (day 0).

ARs trend negative from around day -5, with several post-filing values statistically significant
at the 5% level. CARs decline steadily to ~1% by day +15, with no post-event rebound. These
patterns suggest that investors gradually price in litigation risk and view such events as a source
of persistent uncertainty.

Overall, the results show a modest but statistically meaningful decline in firm value following

litigation — but is this effect consistent across firm categories?



Firm Category Major Mid-Cap Specialized Emerging

Filing Period Pre-Filing Post-Filing Pre-Filing Post-Filing Pre-Filing Post-Filing Pre-Filing Post-Filing

Metric Statistic
Mean 0.49 0.47 0.53 0.53 0.65 0.62 693574.04 467139.06
Std Dev 1.05 0.74 1.48 1.65 0.93 0.91 41517365.03 26090381.91
Stock Volatility
Min 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Max 34.56 17.28 34.56 51.84 9.75 11.30 3240000000.00 1957499904.00

Table 1: Summary Statistics by Firm Category and Filing Period (Pre- vs. Post-Filing)

Table 1 presents summary statistics on stock volatility around patent litigation filings, using
an event-level dataset where each observation corresponds to a closed litigation case. To measure
market response, I matched daily stock price data to each case and constructed a 21-day event
window spanning 10 days before and after the filing date. Each trading day is indexed relative to
the filing date, with observations classified as either Pre-Filing (days —10 to —1) or Post-Filing (day
0 onward).

Volatility is the primary market reaction variable. Major, Mid-Cap, and Specialized firms show
relatively stable volatility across the event window, with average values around 0.5 both before and
after the filing. In contrast, Emerging firms exhibit extreme volatility, averaging 5.49 x 108, with a
maximum value of 3.24 x 10°. Importantly, this elevated volatility persists in the post-filing period,
unlike in larger firms where volatility remains unchanged.

These findings suggest that smaller or less-established firms are more exposed to litigation-
induced uncertainty. The persistence of high volatility following the filing may indicate that the
market sees these firms as more financially fragile, less liquid, and therefore more vulnerable to

sustained pricing pressure in the wake of legal disputes.
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Figure 3: Mean Abnormal Returns by Filing Period & Firm Category

Figure 3 shows mean abnormal returns (ARs) across firm categories over a 31-day window.
Post-filing ARs are more extreme than pre-filing ARs in all groups, reflecting stronger investor
reaction once a case is filed. Emerging firms show the sharpest and statistically significant decline
(-0.13%), while Specialized firms shift slightly positive post-filing, though not significantly. Major
and Mid-Cap firms exhibit mild, statistically insignificant declines.

These results show a differentiated market response, particularly in the immediate aftermath of
a litigation filing: Emerging firms face the most pronounced negative reaction; Major and Mid-Cap

firms remain largely unaffected; and Specialized firms display more variable, performance-dependent
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Figure 4: Main Message - Cumulative Abnormal Returns Around Litigation Filing by Firm Size Group



Figure 4 presents the central finding of this paper: smaller firms experience a significantly
stronger negative stock price reaction than their larger counterparts.

Building on the firm-type differences in abnormal returns shown in Figure 3, this figure plots
cumulative abnormal returns (CARs) by firm size across a 31-day window. The pattern is clear:
their CARs are considerably more negative, especially in the days following a lawsuit.

While it’s true that smaller firms tend to have higher baseline volatility, my event study controls
for this by isolating abnormal returns relative to a pre-event estimation window. Robust t-tests also
confirm that the additional negative impact observed for smaller firms is statistically significant —
not simply a reflection of greater underlying risk.

Next, I explore several factors — litigation complexity, the dispersion of event-day returns, and

firm-level structural conditions — that help explain this vulnerability.
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Figure 5: Effect of Case Complexity on Stock Price Change by Firm Category

First, Figure 5 shows how litigation complexity —measured by the log of document count at
the filing date — affects stock returns across the distribution, by firm type. Among Emerging
and Specialized firms, complexity significantly reduces returns in the lower quantiles, suggesting
that underperformers are more exposed to downside risk. For Emerging firms, the effect reverses
at mid-quantiles, implying that stronger firms may benefit from perceived IP value or settlement

expectations. Mid-Cap firms show mild, mostly negative effects, while Major firms are largely



unaffected aside from small dips at the 0.6 and 0.75 quantiles.

My results point to complexity as a contributing factor behind the heightened sensitivity of
smaller firms. Overall, the effects of complexity vary by firm type: Emerging firms face the most
pronounced negative response, Major and Mid-Cap firms remain largely insulated, and Specialized

firms exhibit more variable, performance-dependent outcomes.
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Figure 6: Stock Price Reaction to Litigation Across Firm Categories

Figure 6 provides further evidence of this vulnerability by showing the dispersion of stock price
reactions (average percent stock price change) on the filing date. Specialized and Emerging firms
exhibit a much wider range of event-day returns (from —-3% to +2%) compared to the more uniform
—1% decline observed for Major and Mid-Cap firms. This variation reinforces the idea that smaller

firms are more exposed to litigation-related uncertainty.
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Figure 7: Geographic Distribution of Relative Litigation Exposure (RLE)
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Figure 8: Geographic Variation in Average Trading Volume by Firm Category

Figures 7 and 8 help explain the pattern in figure 6. Figure 7 maps Relative Litigation Exposure
(RLE) — the average number of prior lawsuits in each state relative to the firm-type average —
while Figure 8 shows average trading volume by state, capped at the 95th percentile.

Smaller firms are more likely to be located in states with higher Relative Litigation Exposure
(Figure 7) and lower trading volume (Figure 8), meaning they are exposed to more frequent lawsuits
and operate in less liquid markets. These conditions can lead to sharper price swings when litigation
news is announced.

In contrast, larger firms are generally situated in high-liquidity states (Figure 8) and face more
dispersed legal risk (Figure7), which may buffer them from extreme price movements during litiga-

tion.

Average Sentiment

Figure 9: Legal News Sentiment (Event Window: -15 to +15 Days
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Figure 10: Average CAR (Event Window: -15 to +15 Days

Finally, Figures 9 and 10 examine whether the tone of legal media coverage helps ex-
plain investor response to litigation events. The sentiment data were scraped from archived
versions of IPWatchdog and Patently-O (2013-2017) using the Internet Archive’s Wayback Ma-

” [13

chine, filtered for keywords such as “litigation,” “infringement,

7

and “lawsuit.” Figure 9 plots
average sentiment over the 31-day window around each litigation event, while Figure 10 presents
average cumulative abnormal returns (CARs) for the same period.

While legal sentiment remains consistently negative throughout the event window, shows no
clear or consistent relationship with stock performance. This suggests that market reactions are
more closely driven by firm-specific and structural factors — such as prior exposure, and liquidity

— than by shifts in media tone.

4 Results

To formally test the drivers of market response to litigation, I estimate a series of regressions
using stock return as the primary dependent variable. Most models use the percentage change
in stock price following a patent litigation event, while select specifications use abnormal returns
(ARs) or return volatility to capture different dimensions of investor reaction. Explanatory variables
include litigation scope and uncertainty (log document count, case duration), reputational risk
(prior litigation history), and firm resilience (log market cap, trading volume). I also include case

outcomes (win, settle, appeal), firm category dummies, and year fixed effects.



Dependent Variable Pct_Change Pct_Change Pct_Change abnormal_return_Pct
(W] 2) (3) (4)
log_doc_count -0.306™" -0.041 0.158™"
(0.053) (0.057) (0.058)
log_doc_count_sq -0.018™""
(0.007)
litigation_length 0.001" 0.000 0.000"
(0.000) (0.000) (0.000)
prior_litigation_count -0.001"" -0.002"" 0.000™"
(0.000) (0.000) (0.000)
log_Market_Cap 0184 0.154"" -0.240" 0.051""
(0.016) (0.014) (0.033) (0.009)
Volume -0.000" -0.000" -0.000" -0.000™"
(0.000) (0.000) (0.000) (0.000)
Market_Return -15.378"" -4.373
(4.199) (3.998)
case_outcome_Won -0.070"*
(0.029)
case_outcome_Settled -0.065"
(0.035)
case_outcome_Appealed 0.088
(0179)
Firm_Category_Emerging -4.297""" 0.048
(0.246) (0.061)
Firm_Category_Major -0.174 -0.159™"*
(0.197) (0.047)
Firm_Category_Specialized —2125"™" -0.080
(0.229) (0.052)
Lit_Complex_Index 0.006
(0.018)
Lit_Complex_Index * Firm_Category_Emerging 0.034
(0.021)
Lit_Complex_Index * Firm_Category_Major -0.007
(0.023)
Lit_Complex_Index * Firm_Category_Specialized 0.005
(0.027)
Year Fixed Effects W v W
Observations 4266 2716 2716 2776
rR2 0.046 0139 0.230 0122
Adjusted R? 0.045 0.129 0.220 0.110
Residual Std. Error 3.411 (df=4260) 2.397 (df=2684) 2.269 (df=2680) 0.832 (df=2738)

F Statistic

41502 (df=5; 4260) 14.013™" (df=31; 2684) 22.856"" (df=35; 2680) 10.279""" (df=37; 2738)

Note:

Figure 11: Core Models

"p<0.1; ""p<0.05; " "p<0.01

Table 2 confirms that patent litigation negatively affects stock prices — especially for emerging
and specialized firms —and that this impact depends on both litigation intensity and broader
market conditions.

In Model 1, greater litigation intensity, measured by log_doc_count (number of documents filed

around the litigation event date), is associated with a 0.306 standard deviation decrease in stock
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returns (p | 0.01), and firms with greater prior litigation history also see significantly lower returns,
suggesting that both the visibility and recurrence of legal disputes erode investor confidence.

Once market-wide returns and year fixed effects are included in Model 2, the negative effect
of litigation intensity becomes statistically insignificant, while Market_Return has a large negative
effect (—15.378, p j 0.01), indicating that market-wide conditions can amplify or mask firm-specific
litigation effects during the event window.

Model 3 introduces firm heterogeneity and reveals that emerging (—4.297***) and specialized
firms (—2.125%**) experience significantly larger declines in stock prices, highlighting their greater
vulnerability to litigation shocks. However, interaction terms between Lit_Complex_Index (mea-
sured as the number of documents filed divided by case duration) and firm categories are not
statistically significant, suggesting no differential effect of complexity across firm types in this
model.

Model 4 focuses on abnormal returns and reveals a nonlinear effect of litigation intensity: a
1 standard deviation increase in log_doc_count is associated with a +0.158 percentage point in-
crease, but this effect reverses at higher levels, as indicated by a significant negative quadratic
term (—0.018%**). This pattern implies that excessive documentation raises red flags about costly
legal battles, leading to lower returns. Notably, even favorable outcomes like winning (-0.070**) or
settling (—0.065%) a case lead to small but significant declines in abnormal returns, reflecting that

the litigation process itself imposes financial costs, regardless of the outcome.
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Dependent Variable Pct_Change Pct_Change Stock_Volatility Pct_Change

(5) (6) 7) (8)
log_doc_count -0113"" -1.038"" 0.309 -0.273™"
(0.042) (0.222) (0.714) (0.053)
log_doc_count_sq 012"
(0.026)

RLE 0.331 0.662™"" 1617

(0.208) (0.212) (3.287)
litigation_length 0.001™"
(0.000)
log_Market_Cap -0.014 0.072" -6.536"" -0.01
(0.034) (0.036) (0.588) (0.034)
Volume -0.000° 0.000 0.000™" -0.000"
(0.000) (0.000) (0.000) (0.000)
Firm_Category_Emerging -2.766""" -2.118™" -22.669"" -2.701"""
(0.236) (0.251) (4.024) (0.236)
Firm_Category_Major -1.552""" -0.855™" 21.756""" 13177
(0.191) (0.216) (2.998) (0.192)
Firm_Category_Specialized -1.2047" -0.870"" -10.674""" -1515""
(0.242) (0.249) (4.031) (0.205)
prior_litigation_count * litigation_length -0.000"""
(0.000)
Year Fixed Effects v
Observations 4266 4266 2716 4266
R2 0.091 0.105 0.061 0.131
Adjusted R2 0.089 0103 0.058 0124
Residual Std. Error 3.332 (df=4258) 3.307 (df=4256) 43.300 (df=2708) 3.268 (df=4229)
F Statistic 60.765 " (df=7; 4258) 55367 (df=9; 4256) 251517 (df=7; 2708) 17.714™" (df=36; 4229)
Note: 'p<0.1; "p<0.05; "'p<0.01

Figure 12: Extensions to the core results

Table 3 presents robustness checks and extended specifications, showing that litigation signifi-
cantly reduces firm value, with stronger effects for emerging, specialized, and litigation-prone firms.

Litigation intensity (log.doc_count) remains a significant negative predictor of returns across
Models 5, 6, and 8, reinforcing the finding that more extensive legal action erodes market value.
Firm category dummies are highly significant in all models and consistent with Figures 2 and 3:
Emerging firms experience the steepest declines, followed by Specialized and Major firms, relative
to Mid-Cap firms. While prior visual evidence suggested muted average effects for Major firms, the
regressions uncover significant negative returns (e.g., —1.317*** in Model 8) and increased volatility
(+21.756*** in Model 7) once I control for litigation intensity and firm characteristics, indicating
within-group variation.

RLE becomes significant in Model 6 (+0.662**) supporting the view from Figure 6.1 that firms

12



operating in high-litigation regions face added reputational risk. Model 8 introduces a significant
interaction between prior litigation and case duration (-0.000***), adding a new dimension: firms
with a litigation history are penalized more when cases drag on, reinforcing the compounding cost
of exposure over time.

Preferred Specification

AR; = By + B1log(Doc;) + B2 log(Doc;)? + B3Won; + B4Settl; + B5Appl;
+ B log(MC;) + B7PL; + BgLen; 4 B9 Vol;
+ 10FCE; + 511 FCM; + B12FCS;

+ B13(LCI x FCE); + B14(LCI x FCM); + #15(LCI x FCS);

T
+ Z (5tYeart + €
t=1

Model 4 (Table 3) is my preferred specification, using abnormal return percentage to isolate firm-
specific responses to litigation from broader market trends unrelated news. The model includes year
fixed effects and controls for litigation characteristics, firm type, and nonlinear effects of litigation
intensity.

My results show that patent litigation significantly affects stock returns, with variation by
firm type and case characteristics. Major firms face larger negative returns than mid-sized peers,
suggesting that investor reactions reflect not only case features but also firm positioning. The
model demonstrates solid explanatory power (F = 37, p  0.01; adj. R? = 0.11), which is reasonable

given its focus on firm-level legal variables and exclusion of macroeconomic controls.

5 Machine Learning

T
min Z Z (Abnormal Return; — @Rm)z +a|T|

T7{RM} m=1 ieRm

The regression tree predicts abnormal stock returns by minimizing mean squared error (MSE)
through recursive splits on explanatory variables such as litigation intensity, case outcomes, and firm

characteristics. To prevent overfitting, I limited tree depth to three and applied cost-complexity
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pruning (ccp_alpha), tuned via cross-validation. The optimal value was near zero, indicating
minimal pruning was needed. This regularized approach balances model fit and generalizability,

capturing key drivers of abnormal returns across firm types without overfitting.

y W
litigation_length <= 283.0
squared_error = 0.0
samples = 18
value =-0.018
Lit_Complex_Index _<= 0.065 squared_error = 0.0
squared_error = 0.0 samples = 13
samplfs =29 value =-0.026
value =-0.009

squared_error = 0.0 squared_error = 0.0
samples = 14 samples =5
value =-0.017 value =-0.013

Figure 13: Regression Tree of My Main Specification

To complement the linear regression results and explore heterogeneity in market response, Figure
11 presents a regression tree based on the main specification. The tree identifies trading volume
as the most important predictor of abnormal stock returns following patent litigation, with firms
below a threshold of 185 million in volume experiencing the most negative reactions. This finding
aligns with the regression results (Table 2, Model 4), but the tree highlights a key threshold effect:
illiquidity amplifies the market penalty from litigation events.

Among these low-volume firms, the next split occurs on the Litigation Complexity Index (LCI),
where firms involved in more complex lawsuits (LCI 0.065) see the largest drop in abnormal
returns. This supports findings from Model 3, which showed that complex litigation disproportion-
ately harms emerging and specialized firms. The regression tree captures this interaction implicitly
— without requiring pre-specified firm category dummies — by demonstrating that certain litiga-
tion features (complexity and low volume) are jointly associated with more severe market responses.

Importantly, volume and LCI — not only help explain economic mechanisms uncovered in the
regressions, but also show strong practical relevance for predicting which firms are most exposed

to litigation-related stock declines.
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Figure 14: Importance Matrix

The importance matrix ranks predictors by their ability to reduce MSE in the regression tree. Al-
though Market_Return ranks highest, it does not appear in top-level splits, which prioritize Volume
and LCI. This initially seems inconsistent, but further analysis clarifies the pattern. An OLS regres-
sion using Market_Return as the outcome shows that core predictors from the main tree — Volume
(=5.85e-05, p j 0.001), log_Market_Cap (40.0004, p j 0.001), and LCI x Firm_Category_Specialized
(-0.0002, p = 0.016) — are themselves significant drivers of Market_Return. The high condition
number (2.64e+09) indicates multicollinearity, suggesting Market_Return captures variance already
explained by other predictors.

To confirm this, I ran a regression tree with Market_Return as the outcome. The splits again
emphasized Volume and LCI, supporting the view that Market_Return reflects underlying firm and

litigation characteristics rather than providing unique information about abnormal returns.

6 Conclusion

This paper examines how patent litigation affects stock prices across firm categories, using a
dataset of closed cases from 1990 to 2017 merged with firm-level financial data. Drawing on event
studies, regression models, and machine learning tools, I analyze how investors respond to litigation
events and what firm characteristics shape these reactions.

My findings reveal that patent litigation consistently reduces firm value, he magnitude and per-
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sistence of the impact vary systematically by firm type. Emerging and Specialized firms experience
the steepest declines in abnormal returns and elevated volatility, especially in complex or prolonged
cases. In contrast, Major and Mid-Cap firms face smaller market reactions, although regression
results confirm they are not fully insulated. Geographic and structural factors—including thinner
trading volume and higher Relative Litigation Exposure — further amplify these effects for smaller
firms.

Importantly, across all firm types, case complexity, duration, and litigation history emerge as
stronger predictors of investor response than the litigation outcome itself. Legal media sentiment
remains broadly negative but does not correlate meaningfully with returns, reinforcing the idea
that markets respond more to firm-level vulnerability than to news tone. This suggests that legal
uncertainty is not just about winning or losing — but about who you are and how vulnerable you
are.

The limitations of this analysis lie in the fact that causal inference cannot be made. My study
does not isolate exogenous variation in litigation exposure. Future research should introduce a
control group of comparable non-litigated firms and employ a Difference-in-Differences design to

estimate the causal effect of litigation.
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