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CHAPTER 1

Introduction

In this thesis, I examine three research questions. First, does corporate short-termism

distort firms’ carbon emissions, and if so, by how much? Second, do friendship net-

works contribute to the spread of the U.S. opioid epidemic? Third, can stock-market

reactions be used to measure the economic value of innovation? Each question is ad-

dressed in a separate chapter that can be read independently.

Chapter 2 examines whether managerial short-termism distorts corporate carbon

emissions. Carbon abatement investments are inherently long-term in nature: their

costs are immediate, while their benefits might accrue gradually as, e.g., climate change

worsens or consumer demand changes. Given that about 90% of U.S. managers report

feeling pressured to meet short-term earnings targets, such investments are a natural

target for opportunistic cuts. I document two stylized facts. First, firms cluster dis-

proportionately just above the zero forecast error threshold, consistent with earnings

management. Second, firms that just meet analysts’ forecasts exhibit carbon emis-

sions growth that is about eight to nine percentage points higher than firms that just

miss. To translate these local, reduced-form results into aggregate counterfactuals, I

develop and structurally estimate a quantitative model of heterogeneous firms with

endogenous carbon emissions and short-term incentives. Removing short-term incen-

tives from managers’ contracts lowers firms’ profits by 0.43% and carbon emissions

1



CHAPTER 1. INTRODUCTION 2

by 2.19%. In aggregate, this corresponds to about 142 million tons of CO2, roughly

equivalent to total U.S. aviation emissions in 2022. The implied cost per ton of CO2

saved is about $84, which is well below standard estimates of the social cost of carbon.

So, short-termism is likely welfare-reducing through the carbon emissions channel.

This chapter contributes to two strands of literature. First, it adds to the literature

on the economic effects of short-termism by showing that short-term incentives for

corporations fuel climate change. Second, it contributes to the growing literature on

climate finance and, in particular, to the value-versus-values discussion (Starks, 2023)

by quantifying the trade-off between climate change mitigation and financial value

within a structural framework.

Chapter 3, co-authored with Stefan Ruenzi, studies the role of friendship networks

in the U.S. opioid epidemic, the worst drug crisis in the country’s history. Using

the Social Connectedness Index based on Facebook friendship links, we construct

a measure of each county’s social proximity to the opioid epidemic. We document

that counties with stronger friendship ties to high-overdose areas experience signifi-

cantly higher overdose death rates: a one-standard-deviation increase in social prox-

imity is associated with an increase in opioid overdose deaths of more than 25%. To

address endogeneity concerns, we exploit two quasi-natural experiments—the stag-

gered introduction of must-access prescription drug monitoring programs (PDMPs)

and the 2010 OxyContin reformulation—that pushed users from prescription to illicit

opioids. Counties with more friendship links to areas affected by these shocks ex-

perience higher subsequent overdose deaths, particularly from heroin and fentanyl.

Examining the underlying mechanisms, we find that spillovers are stronger in coun-

ties with high baseline opioid prescriptions, dense interstate connections, and thick

markets for illicit opioids, suggesting that demand- and supply-side conditions inter-

act with social networks. Friendship networks also affect earlier stages of addiction,

2
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including opioid-related search activity, illicit drug use, and depressive episodes. At

the same time, we show that cohesive within-county social networks attenuate these

negative spillovers, pointing to a protective role of local social capital.

Our main contribution is to document that friendship networks help explain the

spread of the opioid epidemic, identifying a driver that has not been formally ana-

lyzed before. More broadly, the chapter contributes to the literatures on the forces

shaping the opioid epidemic, on friendship networks and social ties, and on the role

of social networks in the spread of epidemics, providing novel evidence on the social

transmission of non-infectious diseases.

Chapter 4, co-authored with Larissa Ginzinger, Markus Huggenberger, and Stefan

Ruenzi, evaluates whether stock-market reactions are informative about the economic

value of patents. We first document that more than 80% of patents are granted as part

of bundles—that is, multiple patents issued to the same firm on the same day—making

it inherently difficult to attribute a given market reaction to any individual patent. We

then show that the correlation between the widely used Kogan et al. (2017) patent val-

ues and forward citations is driven almost entirely by bundle size: controlling for bun-

dle size reduces the correlation by more than 95%, while controlling for issue-day stock

returns has virtually no effect. To rationalize these findings, we develop a generalized

theoretical framework that explicitly incorporates bundle-size surprises. The frame-

work implies that stock-market reactions to patent grants are informative only when

the realized number of patents deviates from market expectations, which empirically

holds for a relatively small subset of grants. Even within this subset, signal-to-noise

ratios appear unfavorable because of high idiosyncratic volatility. Our results suggest

that stock-market-based estimates of individual patent values should be interpreted

with caution.

This chapter contributes to the broader literature on innovation in economics, fi-

3
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nance, and management in two main ways. First, to the best of our knowledge, we are

the first to document the importance of patent bundling and to demonstrate its im-

plications for interpreting stock-market reactions to innovation. Second, we provide

insights for researchers studying the effects of innovation and the impact of firm policy

or regulation on innovation: our findings suggest that stock-market reactions to patent

grants tend to carry little information about the economic value of most patents.

4



CHAPTER 2

Short-Termist Carbon Emissions1

Kai Mäckle2

Abstract

Carbon abatement investments are inherently long-term in nature. There-
fore, short-term profit pressure may distort these investments. Consistent
with this idea, firms that just meet analysts’ short-term profit targets have
about eight to nine percentage points higher growth in carbon emissions
than firms that just miss. I estimate a quantitative model in which managers
choose carbon emissions subject to optimal short-term incentives. Removing
short-term incentives reduces firms’ profits by 0.43% and carbon emissions
by 2.19%. In aggregate, short-termist carbon emissions are as large as total
U.S. aviation emissions in 2022. My estimates suggest that short-termism is
welfare-reducing via the carbon emissions channel.

1I am very grateful to Stephen Terry for his helpful guidance. I also thank Jean-Edouard Col-
liard, Mark Egan, Larissa Ginzinger, Marius Guenzel, Stefano Lovo (discussant), Ernst Maug, Kevin
Mei, Daniel Neuhann, Alexandra Niessen-Ruenzi, Magdalena Rola-Janicka, Ulrich Roschitsch, Stefan
Ruenzi, Julien Sauvagnat, Denis Sosyura, Constantine Yannelis, Josef Zechner, and seminar participants
at the 2025 Paris December Finance Meeting, Stockholm School of Economics, University of Mannheim,
and WU Vienna for valuable feedback and comments. Parts of this research were conducted at the
University of Texas at Austin. I gratefully acknowledge funding by the Julius Paul Stiegler Memorial
Foundation. All errors are my own.

2University of Mannheim, Department of Finance and Graduate School of Economic and Social Sci-
ences, L9, 1-2, 68161 Mannheim, Germany, e-mail: kai.maeckle@uni-mannheim.de
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CHAPTER 2. SHORT-TERMIST CARBON EMISSIONS 6

2.1 Introduction

Corporate earnings reports are closely monitored by financial markets and evaluated

against analysts’ forecasts. A large literature in finance documents substantial nega-

tive stock-price reactions when reported earnings (profits) fall short of expected tar-

gets. Consistent with this, survey evidence by Graham et al. (2005) shows that about

90% of U.S. managers feel pressured to meet short-term goals. Several public and

private institutions highlight the potential negative effects of short-termism. For ex-

ample, the United Nations Global Compact claims that “short-termism in investment

markets is a major obstacle to companies embedding sustainability in their strategic

planning and capital investment decisions.”

In this paper, I quantify the impact of short-termism on carbon emissions. To this

end, I develop and structurally estimate a quantitative model with endogenous carbon

emissions and short-term incentives. In counterfactual simulations, I find that remov-

ing short-term incentives from managers’ contracts lowers firms’ profits by 0.43% and

carbon emissions by 2.19%. At the aggregate level, short-termist carbon emissions

amount to about 142 million tons, or as much as total U.S. aviation emissions in 2022.

My estimates imply that each ton of carbon dioxide saved by eliminating short-term

incentives costs about $84 in terms of lower profits. As most conventional estimates of

the social cost of carbon are significantly higher (see Rennert et al., 2022), my analysis

suggests that short-termism is welfare-reducing via the carbon emissions channel.

Investments in carbon-reducing technologies are sensitive to short-term pressures.

The economic benefits of such investments are highly uncertain and may only materi-

alize in the long term as climate change worsens, while the costs are incurred today. As

a result, some managers on the verge of missing analysts’ earnings targets may find

themselves either cutting back on carbon abatement investments or missing targets.

6
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As more than half of all managers prefer forgoing positive-NPV projects to missing

profit goals (Graham et al., 2005), carbon abatement investments are a likely target for

real-earnings management. The empirical analysis is complicated because direct data

on carbon abatement investments are largely missing. However, the main outcome

of carbon abatement investments, carbon emissions, is observable. Using a structural

model, I can overcome the data limitation and infer the extent of carbon abatement

investments from firm fundamentals and carbon emissions.

I document a novel stylized fact relating short-termism to carbon emissions. I com-

pute forecast errors as the difference between realized profits and the median analyst’s

forecast and show that firms cluster disproportionately just above the zero forecast

error threshold, with relatively few firms having small misses. This finding is consis-

tent with the view that managers engage in opportunistic behavior to meet short-term

earnings targets. Similar patterns have been documented in the accounting and fi-

nance literature and associated with real-earnings management (e.g., Dechow et al.,

1995, Roychowdhury, 2006, Marinovic et al., 2013, Hong and Kacperczyk, 2010, Errico

et al., 2023, Terry, 2023).

For the same firms in the same years, I document a sizable discontinuity in the

growth rate of carbon emissions around the zero forecast error threshold.3 In partic-

ular, I show that firms that just meet analysts’ targets have carbon emissions growth

that is about eight to nine percentage points higher than firms that just miss, consistent

with opportunistic cuts in carbon abatement investments to meet short-term earnings

targets. This difference is economically significant, amounting to 28% relative to the

standard deviation of carbon emissions growth rates. The discontinuity also exists

for the growth rate of carbon intensity, defined as carbon emissions scaled by assets

3Lyubich et al. (2018) document substantial heterogeneity in carbon intensities across plants, even
within narrowly defined industries. Thus, managers can plausibly influence their firms’ carbon emis-
sions through abatement investments.

7
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or sales. Moreover, I show that the discontinuity is short-lived and returns to zero,

consistent with temporary cuts to carbon abatement.

Several points are worth highlighting. The reduced-form results only represent

the local discontinuity around the zero forecast error threshold and should not be

interpreted as the average causal effect of short-termism on carbon emissions. One

potential concern is that there may be endogenous selection across the threshold. For

instance, firms with managers of higher skill may be more likely to slightly beat ana-

lysts’ forecasts, while firms with managers of lower skill are more likely to miss targets

by a small margin. Hence, the reduced-form evidence only serves as an endogenous

detection mechanism for identifying short-term pressures and the associated oppor-

tunistic changes in carbon emissions. Moreover, the reduced-form stylized facts only

represent local, relative variation that may not survive aggregation. Finally, local dis-

continuities do not provide counterfactuals for an economy without short-term incen-

tives. To address these concerns, I develop and estimate a quantitative model in the

spirit of Terry (2023) with endogenous carbon emissions and short-term incentives for

managers. The model allows me to directly quantify the aggregate impact of short-

termism on carbon emissions, while explicitly accounting for equilibrium forces.

To establish the intuition for the quantitative model, I start with a simple two-

period model. In the first period, firms earn exogenous revenues and choose their car-

bon emissions. Reducing carbon emissions is costly today, but creates value for firms

in the long run due to, e.g., regulatory action against brown firms or shifts in consumer

demand toward green products. In addition, managers are subject to private costs

from carbon emissions; these costs may arise for several reasons. Some managers may

care about climate change and therefore incur non-pecuniary costs from high carbon

emissions. Other managers may not care about climate change, but they may well care

about their firm’s carbon emissions for career reasons. For example, managers com-

8
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municate their firm’s emissions policy to the public, such as in earnings calls or press

interviews, where they may be held accountable for high carbon emissions. Being

portrayed as an environmentally irresponsible manager is a risk to successful career

advancement, so managers derive private disutility from carbon emissions.4

Overall, these private costs represent an agency conflict that pushes managers to

reduce carbon emissions more than is optimal from the perspective of the firm. In

response, the board of directors optimally chooses to penalize managers for missing

short-term profit targets. In equilibrium, the board-induced short-termism solves the

agency conflict and increases carbon emissions to the value-maximizing level. This

outcome is consistent with Hart and Zingales (2017), who predict that public compa-

nies, with their dispersed shareholder base and resulting low levels of personal re-

sponsibility, tend to adopt less pro-social policies.

I incorporate the key mechanism of the illustrative model into a quantitative model

of heterogeneous firms with endogenous carbon emissions and short-term incentives

for managers. Firms generate sales that follow an exogenous lognormal process. In

addition, firms are subject to non-fundamental profit noise. Risk-neutral managers

with private costs of carbon emissions have private information about profit noise

and choose firms’ carbon emissions. As in the illustrative model, carbon emissions are

costly to reduce today, but lower carbon emissions reduce the probability of negative

4Private costs for CEOs may be motivated by anecdotal evidence that CEOs are increasingly scru-
tinized by the public for their environmental policies. Examples include Starbucks’ new CEO Brian
Niccol, who was criticized for his 1,000-mile commute by private jet, or oil CEOs who were grilled by
Congress over their climate policies. Moreover, there is a debate in the academic literature on whether
ESG investment is a manifestation of good governance or a sign of agency conflicts. The empirical ev-
idence on this question is mixed (e.g., Ferrell et al., 2016, Gillan et al., 2010, Cheng et al., 2023). I take
an intermediate position and assume that managers incur private costs from carbon emissions, but,
at the same time, the value-maximizing board imposes optimal short-term incentives to mitigate the
agency conflict. Technically speaking, the private costs from carbon emissions rationalize the existence
of short-term incentives and allow me to characterize the optimal contract endogenously. Importantly,
my quantitative results do not rely on assuming that managers derive private costs from carbon emissions,
but I could alternatively assume exogenous short-term incentives, consistent with survey evidence (e.g.,
Graham et al., 2005).
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cash flow shocks in the future. Analysts observe firms’ fundamentals, correctly pro-

cess managers’ incentives, and issue rational profit forecasts. The board chooses short-

term incentives for managers that maximize firm value. Short-term incentives increase

carbon emissions, but are also distortive due to opportunistic actions when managers

are close to the zero forecast error threshold. Unlike in the illustrative model, short-

term incentives do not restore the equilibrium without agency conflicts because man-

agers have private information about profit noise.

I structurally estimate eight parameters of the model using the Simulated Method

of Moments (SMM). I target 13 moments computed from the Compustat/IBES/Trucost

merged dataset. Trucost compiles and reports carbon emissions of publicly traded

companies. The parameters related to firm fundamentals are identified from the cor-

relation matrix of sales growth, profitability, carbon intensity, and forecast errors. In

addition, the extent of bunching above the zero forecast error threshold helps to iden-

tify managers’ private costs of carbon emissions, which are reflected in the degree of

short-termism in the model. Finally, I target the average carbon emissions intensity

to calibrate the ratio of costs and benefits of reducing carbon emissions. Overall, the

model matches all signs of the targeted correlations, and the simulated moments are

generally close to their empirical counterparts.

I use the estimated model to run counterfactual simulations and quantify the im-

pact of short-termism on carbon emissions and firm value. I find that eliminating

short-termism from managers’ contracts lowers firms’ profits by 0.43% and carbon

emissions by 2.19%. At the aggregate level, short-termist carbon emissions amount to

about 142 million tons of CO2 when benchmarked against the level of aggregate emis-

sions in the U.S. economy in 2022. Overall, my results suggest a trade-off between cli-

mate change mitigation and financial value. As such, I contribute to the value-versus-

values discussion (see Starks, 2023).

10
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At the macro level, carbon emissions generate a negative externality due to, for

example, global warming. Thus, private incentives for shareholders and social incen-

tives are not aligned. Therefore, in most models with an endogenous climate element,

short-termism will increase firm value at the micro level but decrease social welfare at

the macro level due to the non-internalized social cost of carbon. The average firm in

my sample earns just over $1 billion in annual profits while emitting 2.39 million tons

of CO2. Thus, each ton of carbon dioxide saved by eliminating short-term incentives

costs about $84 in 2017 USD. Rennert et al. (2022) estimate that the social cost of carbon

ranges from $42 to $397, with the preferred estimate being $178 in 2017 USD. Since the

social cost of carbon tends to be higher than the implicit cost of removing short-term

incentives, short-termism is likely to be welfare-reducing at the aggregate level.

I conduct a number of additional robustness analyses. First, I explore two alter-

native incentive structures: one with exogenous short-term incentives and one where

managers and boards differ in their perception of the cost of carbon. Second, I allow

for accruals manipulation as an additional channel for earnings management. Third,

I extend the baseline model to include private firms. Fourth, I relax the functional

form assumption of the abatement cost function. Across all these tests, I find that the

impact of short-termism on carbon emissions is quantitatively meaningful. Finally, I

estimate the structural model on different subsamples and document that the results

are driven by the period before the 2015 Paris Agreement and are more pronounced

for firms with high baseline carbon intensity.

Related Literature. I contribute to two strands of literature. First, I add to the liter-

ature on the economic effects of short-termism. Graham et al. (2005) interview more

than 400 executives and find substantial short-termism among U.S. managers: about

90% of U.S. managers feel pressure to meet short-term targets and 78% would sacrifice

11
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long-term value to smooth earnings. To reach short-term targets, managers use a vari-

ety of tools including accruals-based manipulation (e.g., Dechow et al., 1995, Kothari

et al., 2005, Cohen et al., 2008), cuts in discretionary expenditures like advertising or

R&D (e.g., Bhojraj et al., 2009, Corredoira et al., 2021, Terry, 2023), markup increases

(e.g., Errico et al., 2023), or adjustments in the quantity produced (e.g., Roychowdhury,

2006, Zhang and Gimeno, 2010). Using different empirical settings, several authors

find substantial evidence that short-term incentives increase the likelihood of share re-

purchases as well as mergers and acquisitions, inhibit investment, and decrease long-

term productivity (e.g., Almeida et al., 2016, 2024, Edmans et al., 2017, 2022, Ladika

and Sautner, 2020). I add to this literature by showing that short-term incentives for

corporations fuel climate change.

Second, I contribute to the growing literature on climate finance. One part of this

literature focuses on the asset pricing and financial market implications of corporate

environmental policies. Pedersen et al. (2021) derive an ESG-adjusted CAPM and char-

acterize when ESG increases or decreases the required rate of return. Similarly, Pastor

et al. (2021) show that green assets have low expected returns because they hedge cli-

mate risk and some investors like to hold them. The empirical evidence on the pricing

of climate risk is mixed. Bolton and Kacperczyk (2021) and Bolton and Kacperczyk

(2023) document that firms with higher carbon emissions earn higher returns. How-

ever, the positive carbon premium disappears when focusing on disclosed instead of

vendor-estimated emissions, when analyzing carbon intensity rather than unscaled

emissions, or when correcting for the publication lag of emissions data (Aswani et al.,

2024, Zhang, 2025). Ilhan et al. (2021) document that climate policy uncertainty is

priced in the option market. Hsu et al. (2023) show that higher-polluting firms, on av-

erage, command a higher return because they are exposed to environmental litigation

risk. Engle et al. (2020) construct an index of climate news and propose a dynamic

12
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strategy to hedge climate change news. Moreover, several studies examine the ESG

investment behavior of financial institutions and the welfare consequences of sustain-

able investing (e.g., Dyck et al., 2019, Berg et al., 2022, Gibson Brandon et al., 2022,

Hong et al., 2023, Ilhan et al., 2023, Pastor et al., 2025, Hoepner et al., 2024).

The other part of the climate finance literature focuses on questions primarily re-

lated to corporate finance. Gillan et al. (2021) provide an excellent review of the lit-

erature on ESG research in corporate finance. In an early contribution, Heinkel et al.

(2001) show that ethical investing can raise polluting firms’ cost of capital. Pastor et al.

(2024) quantify the carbon burden of the U.S. corporate sector and find that the total

carbon burden is 131% of total corporate equity value. Financial constraints are shown

to play an important role in carbon emissions and toxic releases (e.g., Bartram et al.,

2022, Xu and Kim, 2022). Akey and Appel (2021) document the role of firm boundaries

in corporate pollution policy, while Dai et al. (2021) find that firms outsource their

emissions to foreign suppliers rather than invest in abatement technology. Various au-

thors examine the cash flow channel of ESG (e.g., Derrien et al., 2021, Houston et al.,

2022, Duan et al., 2023, Meier et al., 2023). In particular, Meier et al. (2023) use barcode-

level data and show that ESG investments positively affect consumer demand, while

Houston et al. (2022) find that ESG incidents lead to lower sales. Several authors an-

alyze the role of ESG performance metrics in executive compensation and find that

while ESG targets have become more prevalent in recent years, they are largely dis-

cretionary and do not affect executive pay in a quantitatively meaningful way (e.g.,

Cohen et al., 2023, Badawi and Bartlett, 2024, Efing et al., 2024).

One of the key tensions in the literature on ESG and corporate finance is whether

ESG investment is a manifestation of good governance or a sign of conflicted man-

agers acting in their own interests (e.g., Bénabou and Tirole, 2010). The good gover-

nance view interprets ESG actions as the equilibrium outcome of optimal contracting,

13
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while the agency conflict view interprets ESG actions as the result of an agency con-

flict where managers derive non-pecuniary private benefits from ESG investments.

The empirical evidence is mixed. Various authors find results consistent with the opti-

mal contracting view (e.g., Gillan et al., 2010, Ferrell et al., 2016), while others support

the agency conflict view and find that managers derive private benefits from ESG in-

vestments (e.g., Cheng et al., 2023). In my baseline model, I assume that managers

derive private disutility from carbon emissions, so they would like to invest more in

carbon abatement than is optimal from a shareholder perspective. In response, the

board endogenously imposes short-term cost discipline on managers to mitigate the

agency conflict. Thus, I effectively take an intermediate position between the good

governance view and the agency conflict view. In summary, I add to the literature

on climate finance by showing that short-term incentives increase firm value but have

negative consequences for the environment.

Roadmap. The remainder of this article is structured as follows. In Section 2.2, I

present two reduced-form empirical facts using data on forecast errors and carbon

emissions. Section 2.3 develops an illustrative model that features endogenous short-

termism and carbon emissions. Section 2.4 introduces my quantitative model, fol-

lowed by the quantitative results in Section 2.5. Section 2.6 concludes.

2.2 Short-Termism and Carbon Emissions in the Data

In this section, I provide evidence on the relation between short-termism and carbon

emissions. I start by introducing my data and the variable definitions. Then, I show

that firms bunch disproportionately just above the zero forecast error threshold, with

relatively few firms displaying small misses. Finally, I document that firms that just
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meet analysts’ targets display carbon emissions growth that is about eight to nine per-

centage points higher than firms that just miss.

2.2.1 Data and Variable Definitions

Data Sources. I use three different data sources to conduct my empirical analysis.

First, I obtain firm fundamentals from Compustat. Second, I download professional

analysts’ earnings forecasts from the Institutional Brokers’ Estimate System (IBES)

database. I aggregate individual analysts’ forecasts at the firm-year level by taking the

median of all earnings forecasts across all analysts. Third, I obtain firm-level carbon

emissions data from Trucost. Trucost compiles its data from several publicly available

sources, including firms’ financial reports and environmental data sources such as the

Carbon Disclosure Project. If companies do not report their emissions, Trucost imputes

the missing data points using an extended input-output model. Aswani et al. (2024)

show that imputed carbon emissions are an almost deterministic function of firm fun-

damentals such as assets and sales. Since my structural estimation requires observing

variation in carbon emissions that is not deterministically linked to firm fundamentals,

I exclude all data points that are imputed by Trucost.

I merge Compustat, IBES, and Trucost using standard firm identifiers. Follow-

ing the literature, I remove all regulated (SIC 4900-4999) and financial (SIC 6000-6999)

firms. In my empirical analysis, I focus on Scope 1 and Scope 2 carbon emissions.

Scope 1 includes direct emissions from sources owned or controlled by the firm, while

Scope 2 includes emissions from the consumption of purchased energy associated with

a firm’s direct operations.5 My final sample captures earnings surprises, financial data,

5Scope 3 includes indirect upstream and downstream emissions produced by assets not owned or
controlled by the firm. I exclude Scope 3 emissions because they are not directly controlled by the firm
itself.
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and carbon emissions for 3,286 observations from 494 firms between 2006 and 2019.6

Detailed summary statistics are presented in Tables A.1 and A.2 of the Appendix.

Forecast Errors. I follow Terry (2023) and use IBES profit forecasts and realized annual

earnings to construct the forecast error for firm i in year t as

feit =
streetit − consensusit

assetsit
, (2.1)

where streetit is the dollar value of realized IBES street earnings and consensusit is the

median of all analysts’ four-quarter-ahead profit forecasts. I use four-quarter-ahead

profit forecasts to ensure that managers have enough time to meaningfully affect car-

bon emissions in the same fiscal year. Moreover, I normalize by book assets assetsit,

to account for differences in firm size. In the Appendix, I show that scaling by lagged

sales instead of assets, using a relative forecast error measure, and using the mean

forecast across all analysts as the consensus forecast do not qualitatively affect my re-

sults.

Carbon Emissions. I first calculate the sum of Scope 1 and Scope 2 emissions to obtain

a comprehensive measure of carbon emissions under the direct control of the firm.

There is a discussion in the literature as to whether total carbon emissions or carbon

intensity is the correct metric to consider (e.g., Aswani et al., 2024). I do not take a posi-

tion in this discussion and also construct two additional measures of carbon intensity,

the first scaling total emissions by assets and the second scaling total emissions by

sales. Finally, I compute the growth rate of scaled and unscaled emissions for firm i in

6The Trucost sample has reasonable coverage between 2005 and 2021. I exclude the years 2020 and
2021 because of the disruptions caused by the COVID-19 pandemic. For example, the lockdowns in
2020 caused production and carbon emissions to collapse, followed by a rapid recovery in 2021. Since I
examine growth rates of carbon emissions, my analysis would be contaminated by these effects. Also,
my final sample starts in 2006 because I lose one year of observations when calculating growth rates.
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year t as ĈO2it = logCO2it − logCO2i,t−1
.

2.2.2 Forecast Errors and Carbon Emissions

I document a novel stylized fact relating short-termism to carbon emissions, illustrated

in Figure 2.1. Panel A depicts the histogram of forecast errors, while Panel B presents

a binned scatterplot of carbon emissions growth rates against forecast errors.

In Panel A, I find that firms bunch disproportionately just above the zero forecast

error threshold, with relatively few firms showing small misses. This pattern repli-

cates existing evidence (e.g., Dechow et al., 1995, Marinovic et al., 2013, Hong and

Kacperczyk, 2010, Terry, 2023) and suggests the existence of systematic pressure to

reach short-term profit targets, consistent with survey evidence (Graham et al., 2005).

Managers may take opportunistic actions to respond to short-term pressures (e.g.,

Bhojraj et al., 2009, Terry, 2023, Errico et al., 2023). Investments in carbon abatement

are a natural candidate for profit manipulation, as their uncertain benefits may only

materialize in the long term, while the costs reduce earnings today. To test for this pos-

sibility, for the same firms in the same periods, I graphically examine the growth rate

in carbon emissions in Panel B. The figure visualizes a sizable discontinuity at the zero

forecast error threshold, suggesting that firms with slightly positive forecast errors cut

investments in carbon abatement to meet profit targets.

To measure opportunistic cuts in carbon abatement investments more formally,

I apply a standard regression discontinuity estimator and run the following linear

regression

ĈO2it = α + βfeit + γfeit1(feit ≥ 0) + δ1(feit ≥ 0) + τt + ηi + εit, (2.2)

where ĈO2it is the growth rate of carbon emissions or intensity and feit is the forecast
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FIGURE 2.1
Patterns around the zero forecast error

Notes: The figure illustrates two different patterns around the zero forecast error. Panel A depicts the
histogram of forecast errors, while Panel B shows a binned scatterplot of the growth rate in carbon
emissions on the y-axis and forecast errors on the x-axis. The figures use a small window around the
zero forecast error (with −0.005 ≤ feit ≤ 0.005). I residualize the growth rate of carbon emissions with
respect to firm and year fixed effects. Forecast errors are the difference between realized and forecast
profits, scaled by book assets. Realized profits are fiscal year dollar street earnings. Forecast profits
are median analyst earnings forecasts at the four-quarter horizon. Realized street profits and forecast
profits are from IBES, assets are from Compustat, and carbon emissions are from Trucost. A graphical
illustration of the discontinuities in carbon intensity is relegated to Figure A.2 in the Appendix.
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TABLE 2.1
Carbon emissions at the zero forecast error threshold

(1) (2) (3)

Emissions Growth CO2 CO2/Assets CO2/Sales

Mean Change at 9.17 7.95 8.51
0 Threshold (p.p.) (2.59) (2.07) (2.45)
Standardized (%) 28.31 23.49 26.74

Fixed Effects Firm, Year Firm, Year Firm, Year
Obs. 1,465 1,465 1,465

Notes: The table reports the estimated mean differences in firms’ emissions policies around the zero
forecast error threshold. Standardized values express the point estimates in terms of the standard de-
viation of the outcome variable. Column (1) compares the growth rate of carbon emissions, column (2)
carbon emissions scaled by assets, and column (3) carbon emissions scaled by sales for firms that just
beat and firms that just miss the consensus earnings forecast. The results are based on a small window
around the zero forecast error (with −0.005 ≤ feit ≤ 0.005). The regressions include firm and year fixed
effects. Standard errors are clustered by firm; robust t-statistics are shown in parentheses.

error for firm i in year t. I include firm and year fixed effects when estimating Equa-

tion (2.2) to control for time-invariant heterogeneity across firms and business cycle

effects. The parameter of interest δ, captures the average difference in carbon emis-

sions growth between firms that just hit and firms that just miss their profit targets.

My baseline results use a window with −0.005 ≤ feit ≤ 0.005, but I show that the

results are stable for varying bandwidths (see Figure A.3).

Table 2.1 reports estimates for δ. Column (1) shows that firms that just meet ana-

lysts’ profit targets have carbon emissions growth that is about 9.17 percentage points

higher than firms that just miss, consistent with opportunistic cuts in carbon abate-

ment investments to meet short-term earnings targets. This difference is economically

significant, amounting to 28% relative to the standard deviation of carbon emissions

growth rates. The discontinuity is equally pronounced when I examine the growth

rate of carbon intensity in columns (2) and (3), i.e., carbon emissions scaled by assets

or sales, suggesting that firms to the right of the discontinuity do not solely grow faster

than firms to the left, but actually become less carbon-efficient.
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FIGURE 2.2
Carbon emissions dynamics

Notes: The figure plots the average difference in carbon emissions growth for the years t to t+3 between
firms that just meet analysts’ profit targets and firms that just miss them in year t. Panel A compares
the contemporaneous and future growth rates of carbon emissions, Panel B carbon emissions scaled by
assets, and Panel C carbon emissions scaled by sales for firms that just beat and firms that just miss
the consensus earnings forecast in year t. The figures use a small window around the zero forecast
error (with −0.005 ≤ feit ≤ 0.005). Standard errors are clustered by firm; 90% confidence bands are
displayed.

One caveat is that I do not observe actual carbon abatement investments, only

firms’ carbon emissions, which are the result of the abatement process. If the dis-

continuities documented in Table 2.1 were due to opportunistic cuts in abatement in-

vestment, I would expect only limited persistence, with growth differentials becom-

ing gradually insignificant over time. Figure 2.2 plots the average difference in carbon

emissions growth for the years t to t + 3 between firms that just meet analysts’ profit

targets and firms that just miss them in year t. When firms beat earnings targets by

a small margin in year t, Panel A shows that the carbon emissions growth differen-

tial quickly becomes insignificant again. Moreover, Panels B and C indicate that this

pattern is similar for carbon intensity, consistent with a short-term drop in carbon ef-

ficiency induced by cuts in carbon abatement investments.

An alternative explanation could be that firms on the verge of missing analysts’

forecasts increase output to shift fixed costs to future periods (e.g., Roychowdhury,

2006, Zhang and Gimeno, 2010). Such actions would increase carbon emissions in

t, similar to reductions in carbon abatement investments. However, since firms are

unlikely to produce in excess of demand for an extended period of time, one would

20



CHAPTER 2. SHORT-TERMIST CARBON EMISSIONS 21

expect the growth in output, and thus carbon emissions, to decline meaningfully—and

plausibly turn negative—in subsequent years, a pattern that is difficult to reconcile

with the evidence presented in this section. In summary, the results are consistent

with discretionary short-termist cuts in carbon abatement investments.

2.2.3 Robustness of Reduced-Form Results

I perform several tests to show that the reduced-form results are robust. In Figure A.1,

I document that the bunching pattern is robust to the use of alternative forecast error

measures. In particular, I show that scaling by lagged sales instead of assets, using a

relative forecast error measure computed via 2 streetit−consensusit
|streetit|+|consensusit| , and using the mean

forecast across all analysts as the consensus forecast do not qualitatively affect my

results.

In my baseline estimation, I exclude observations for which Trucost imputed car-

bon emissions because their estimates are shown to depend heavily on firm fundamen-

tals such as sales and assets (Aswani et al., 2024). In Table A.3, I present the discontinu-

ity results based on the full sample. Specifically, the estimated discontinuities become

smaller in magnitude but remain statistically significant. This pattern is expected, as

some of the variation in imputed emissions is likely captured by the normalization

and firm fixed effects. Moreover, I show that the results are mainly driven by Scope 1

rather than Scope 2 emissions (Table A.4). In my baseline specification, I only use ob-

servations in a small window around the zero forecast error threshold (between -0.005

and 0.005). In Figure A.3, I vary the bandwidth in the range [0.5bw, 1.5bw] and find

that the results are robust. To provide further robustness, I show that the results are

stable when using an optimal bandwidth based on Calonico et al. (2020) (Table A.5).

Several points are important to highlight. The results in this section do not repre-

sent the causal effect of short-termism on carbon emissions. The discontinuities are not
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the causal effect of achieving a profit target, but serve only as an endogenous detection

mechanism. Moreover, these reduced-form stylized facts represent only local, relative

variation that may not survive aggregation. Finally, local discontinuities do not pro-

vide counterfactuals for an economy without short-term incentives. In the remainder

of this paper, I develop and estimate a model to address these concerns.

2.3 An Illustrative Model of Short-Termism and Carbon

Emissions

Environment. I develop a stylized two-period model with optimal short-term incen-

tives for managers and endogenous carbon emissions to illustrate the key mechanism

through which short-termism affects carbon emissions. The model consists of a single

firm, risk-neutral managers, a board of directors, and outside analysts.

The firm lives for two periods, t and t + 1, and generates exogenous revenues Q

per period.7 The firm faces a trade-off when deciding its carbon emissions policy:

reducing carbon emissions et in t is costly, but high carbon emissions in t may trigger

a negative cash flow shock in t+ 1. The cost of carbon abatement is given by

c(Q, et) = ψ

(
Q

et

)2

=
ψ

η2t
, (2.3)

where higher values of ψ imply that the firm is less cost-efficient in reducing carbon

emissions and ηt is the firm’s carbon intensity.8 High carbon emissions in t may cause

7I assume that the firm’s revenues, i.e., the outcome of supply and demand shocks, are exogenous.
In particular, I abstract from the possibility that managers may choose to increase output in response
to short-term pressures for two reasons. First, the evidence presented in Figure 2.2 is inconsistent with
significant short-run adjustments in the quantity produced. Second, from a conceptual point of view,
adjusting output may be more difficult than delaying investment.

8There are no carbon abatement investments in period t+1 as this is the final period in the illustrative
model.
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costly regulation or decreasing demand from consumers, so cash flows in t+ 1 are re-

duced in expectation by αet. Thus, managers face an intertemporal trade-off between

costly emission reductions today and negative cash flow shocks in the future. Firm

value V (et) is therefore given by

V (et) = Q− ψ

(
Q

et

)2

+
1

R
(Q− αet) , (2.4)

where R > 1 is the real interest rate, which is taken as given by the firm. Moreover,

per-period profits in t are cash flows plus accounting noise

Πt = Q− ψ

(
Q

et

)2

+ νt, νt ∼ N(0, σ2
ν).

The noise term νt, with cdf Fν and pdf fν , is unobserved by managers when determin-

ing carbon emissions.

There exists a representative outside analyst who observesQ and issues profit fore-

casts according to

Πf
t = Q− ψ

(
Q

eft

)2

. (2.5)

The board of directors determines the compensation package for managers, which

consists of an equity component θd and a short-term clawback θπ that the manager

must pay if she fails to meet analysts’ profit forecasts.9 In addition, managers incur

9One might ask why boards do not contract directly on carbon emissions. An intuitive answer might
be that carbon emissions are difficult to measure and therefore contractually difficult to enforce. In con-
trast, analysts’ profit forecasts are a widely available tool to impose cost discipline on managers, either
by explicitly modeling compensation as discussed in this section, or by refusing to insulate managers
from external pressures. Moreover, I abstract from modeling ESG performance pay as recent studies
show that ESG performance goals do not affect executive pay in a quantitatively meaningful way (e.g.,
Badawi and Bartlett, 2024, Efing et al., 2024).
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private costs (ϕe < 0) from carbon emissions.10 These private costs may arise for sev-

eral reasons. First, some managers may care about climate change and therefore incur

non-pecuniary costs from high carbon emissions. Second, even if managers do not

care about climate change, they may care about their firm’s carbon emissions because

of career concerns. Consistent with anecdotal evidence, managers communicate their

firm’s emissions policy to the public, such as in earnings calls or press interviews,

where they may be held accountable for high carbon emissions. Being portrayed as an

environmentally irresponsible manager is a risk to successful career advancement, so

managers derive private disutility from carbon emissions. The manager’s objective is

VM(et|θπ,Πf
t ) = Q− ψ

(
Q

et

)2

+
1

R
(Q− αet)− θπP(Πt < Πf

t ) + ϕeet, (2.6)

where I normalized the equity share θd = 1 without loss of generality. Importantly,

the probability of missing profit targets P
(
Πt < Πf

t

)
= Fν

(
ψQ2

[
(1/et)

2 − (1/eft )
2
])

is

decreasing in carbon emissions et.

Equilibrium. An equilibrium with rational expectations, optimal short-term incen-

tives, and unbiased analyst forecasts is defined as: i) managers determine carbon emis-

sions et to maximize their utility conditional on analysts’ profit forecasts and board-

determined short-term incentives θπ; ii) analysts issue rational forecasts conditional

on their information set; iii) the board of directors optimally chooses short-term incen-

tives θ∗π to maximize firm value given managers’ choices.

Optimal Policies. Figure 2.3 plots firm value and manager payoffs as a function of

10As noted above, I assume that managers derive private costs from carbon emissions to rational-
ize the existence of short-term incentives and to endogenously characterize the optimal compensation
contract. However, my main results do not rely on the assumption that managers incur private costs
from carbon emissions, but I could alternatively assume that short-term incentives exist for exogenous
reasons unrelated to carbon emissions, consistent with survey evidence (e.g., Graham et al., 2005).
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carbon emissions in an illustrative parameterization. The level of carbon emissions

that maximizes firm value (2.4) is given by

e∗t =

(
2RψQ2

α

)1/3

. (2.7)

Manager payoffs without short-term incentives are depicted by the thick gray line in

Figure 2.3. Since managers incur private costs from carbon emissions, the optimal level

of carbon emissions from the manager’s perspective and in the absence of short-term

incentives is

enoST
t =

(
2RψQ2

α−Rϕe

)1/3

, (2.8)

with enoST
t < e∗t as ϕe < 0.11 Thus, without short-term incentives, the manager chooses

a level of carbon emissions that is lower than the value-maximizing level from the

perspective of shareholders. To restore the level of carbon emissions e∗t that maximizes

firm value, the board of directors optimally introduces short-term incentives according

to12

θ∗π = − Rϕe
αfν(0)

. (2.9)

The resulting manager payoff is plotted by the thick blue line and shows that the op-

timal level of carbon emissions from the perspective of shareholders is restored in

equilibrium.

Intuitively, short-term incentives preserve firm value maximization because they

impose cost discipline on conflicted managers. Since managers incur private costs

from carbon emissions, in the absence of short-term incentives they would want to

choose lower levels of carbon emissions relative to shareholders. However, with short-
11Expression (2.8) is obtained by maximizing Equation (2.6) with respect to carbon emissions et and

setting θπ = 0.
12Expression (2.9) is pinned down by maximizing Equation (2.4) with respect to θπ , taking managers’

choices and analysts’ rational profit forecasts as given.
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FIGURE 2.3
Carbon emissions in the illustrative model

Notes: The figure plots firm value (thin gray line) and manager payoffs (thick gray and blue lines) as a
function of carbon emissions et in an illustrative parameterization.

term incentives, reducing carbon emissions increases the likelihood of missing short-

term profit targets, which pushes managers back to the firm’s value-maximizing level

e∗t . While the illustrative model highlights the core mechanism by which short-term in-

centives can increase carbon emissions, it abstracts from important real-world features

such as persistent firm heterogeneity and private information on the part of managers.

To bring the model closer to the data, I now develop a quantitative version with en-

dogenous carbon emissions and short-term managerial incentives. This model incor-

porates these missing elements and is estimated to replicate key empirical moments.
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2.4 Quantitative Model

I analyze the quantitative effect of short-termism on carbon emissions in a dynamic,

infinite-horizon, discrete-time model with heterogeneous firms, optimal short-term in-

centives for managers, and endogenous carbon emissions. Although the quantitative

model is more involved, the main intuition from the illustrative model carries over.

2.4.1 Model Environment

Firms. The economy is populated by a unit mass of firms, indexed by i. Each firm

is managed by a risk-neutral manager whose compensation contract is determined

by the board of directors. Firms generate sales that follow an exogenous lognormal

process

log qi,t+1 = ρ log qi,t + zi,t+1, zi,t+1 ∼ N(0, σ2
z). (2.10)

I assume that variable inputs absorb a fixed share, so operating revenues are (1− l)qi,t,

where l is the labor share.

Managers choose the level of carbon emissions ei,t. The cost of carbon abatement

is given by

c(qi,t, ei,t) = ψ

(
qi,t
ei,t

)2

=
ψ

η2i,t
, (2.11)

where higher values of ψ imply that firms are less cost-efficient in reducing carbon

emissions. Note that c(qi,t, ei,t) goes to zero as carbon intensity ηi,t approaches infin-

ity, while it diverges as carbon intensity approaches zero. Therefore, reducing carbon

intensity becomes more costly as carbon intensity decreases, a property similar to di-

minishing returns in standard production functions.

High carbon emissions in tmay cause costly regulation or decreasing demand from

consumers, so cash flows in t + 1 are reduced in expectation by αei,t. Thus, managers
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face an intertemporal trade-off between costly emission reductions today and negative

cash flow shocks in the future. This structure is realistic for two reasons. First, carbon

emissions are reported with a time lag. Second, Meier et al. (2023) show that sales

respond to one-year lagged ESG information. Firm profits are operating revenues

adjusted for cash flow shocks from past carbon emissions, carbon abatement cost, and

accounting noise:

Πi,t = (1− l)qi,t − αei,t−1 − ψ

(
qi,t
ei,t

)2

+ qi,tεi,t + qi,tνi,t, (2.12)

where εi,t ∼ N(0, σ2
ε) is noise observable to the manager when decisions are made,

while νi,t ∼ N(0, σ2
ν) is noise unobservable to the manager when decisions are made.

Managers. In each period, a risk-neutral manager maximizes her utility by choosing

the level of carbon emissions. As in the illustrative model, the manager incurs private

costs ϕe < 0 per unit of carbon emissions, which incentivize the manager to reduce

carbon emissions below the level that is optimal from shareholders’ perspective.

The manager’s contract consists of an equity component θd and a short-term claw-

back θπ that the manager must pay if she fails to meet analysts’ earnings targets. As

in the illustrative model, I abstract from modeling ESG performance pay as ESG per-

formance goals do not affect executive pay in a quantitatively meaningful way (e.g.,

Badawi and Bartlett, 2024, Efing et al., 2024). Thus, the manager solves the dynamic
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problem

VM(ei,t−1, qi,t, εi,t) = max
ei,t

{
θd

[
(1− l)qi,t − αei,t−1 − ψ

(
qi,t
ei,t

)2
]

− qi,tθπPν
(
Πi,t < Πf

i,t

)
+ ϕeei,t +

1

Rt

Et [VM(ei,t, qi,t+1, εi,t+1)]

}
,

(2.13)

where I set the equity share θd = 1 without loss of generality when solving and esti-

mating the model.

Analysts. A mass of risk-neutral, rational analysts receives private benefits from accu-

rately predicting firms’ profits. Analysts issue their optimal forecasts conditional on

the available information at time t. In particular, analysts observe revenues qi,t and

past emissions ei,t−1 of the firm. Moreover, analysts observe the cost structure of the

firm. However, they do not observe either component of the profit noise εi,t or νi,t.

I assume that analysts’ private benefits decline in mean squared prediction error, so

rational forecasts are characterized by

Πf
i,t(ei,t−1, qi,t) = argmin

Πf
i

Et
{(

Πi,t − Πf
i

)2

| ei,t−1, qi,t

}
= Et[Πi,t | ei,t−1, qi,t]. (2.14)

Board of Directors. Because of the private costs of carbon emissions, managers are

conflicted and want to choose lower carbon emissions than is optimal from the firm’s

perspective. The board knowingly implements short-term incentives θπ > 0 to impose

cost discipline on managers and align their interests with those of shareholders. Given
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managers’ optimal emissions policy e∗i,t, the value of the firm reads as

VF (ei,t−1, qi,t, εi,t) =

{
(1− l)qi,t − αei,t−1 − ψ

(
qi,t
e∗i,t

)2

+
1

Rt

Et
[
VF (e

∗
i,t, qi,t+1, εi,t+1)

]}
.

(2.15)

Let F (ei,t−1, qi,t, εi,t) be the unconditional stationary distribution from a given choice of

short-term incentives θπ. The board of directors of each firm determines the optimal

level of short-term incentives θ∗π to maximize the firm’s unconditional mean value by

solving for

θ∗π = argmax
θπ

∫
VF (ei,t−1, qi,t, εi,t | θπ)dF (ei,t−1, qi,t, εi,t | θπ). (2.16)

Three points are worth discussing. Without the agency conflict, the manager prob-

lem coincides with the firm problem, and the optimal short-term incentives are θ∗π = 0.

With private costs from carbon emissions for managers, optimal short-term incentives

increase firm value and carbon emissions. Unlike in the illustrative model, short-term

incentives do not restore the equilibrium without agency conflicts because managers

have private information about profit noise.

2.4.2 Equilibrium

For notational convenience, I switch from the panel notation (i, t) to a recursive for-

mulation, where e−1 denotes last period’s emissions, and (e−1, q, ε) capture the current

state variables. An equilibrium with rational expectations and optimal short-term in-

centives consists of a policy function e∗(e−1, q, ε), manager and firm value functions,

VM(e−1, q, ε) and VF (e−1, q, ε), a schedule of optimal profit forecasts Πf (e−1, q), optimal

short-term incentives θ∗π, and a stationary distribution of firms F (e−1, q, ε) such that:
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(i) The manager chooses e∗(e−1, q, ε) to solve Equation (2.13) given analysts’ short-

term profit forecasts Πf (e−1, q) and board-determined short-term incentives θ∗π;

(ii) Analysts’ profit forecasts solve Equation (2.14) conditional on the optimal emis-

sions policy e∗(e−1, q, ε) set by managers;

(iii) The board of directors determines θ∗π to solve Equation (2.16) conditional on man-

agers’ optimal emissions policy e∗(e−1, q, ε) and analysts’ forecasts Πf (e−1, q);

(iv) The stationary distribution of firms F (e−1, q, ε) is consistent with the stochastic

processes for q and ε and managers’ emissions policy e∗(e−1, q, ε).

To find the stationary equilibrium of the model, I implement an inner-outer loop struc-

ture. The inner loop solves for analysts’ rational profit forecasts and managers’ opti-

mal emissions policy, while the outer loop determines the optimal short-term incen-

tives set by the board of directors. To keep the algorithm computationally tractable, I

construct the emissions grid endogenously, following an approach similar to the en-

dogenous grid method introduced by Carroll (2006). Further details on the numerical

algorithm are provided in Appendix A.3.1.

2.4.3 Manager Policies

In Figure 2.4, I plot the model-implied emissions intensity as a function of the observed

profit noise ε. The blue line shows the emissions policy under my baseline parameter

estimates with optimal short-term incentives (θπ = θ∗π), while the dashed line shows

the counterfactual emissions policy with no short-term incentives (θπ = 0). The emis-

sions intensity is expressed in percentage deviations from the mean. The observed

profit shock is expressed in standard deviations. Without short-termism, managers

rationally ignore the profit noise ε. With short-term incentives, however, managers

react to profit noise. For small absolute values of profit noise, managers correctly infer
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FIGURE 2.4
Carbon emissions policy

Notes: The figure plots the model-implied emissions intensity as a function of the observed profit shock
ε. The blue line illustrates the emissions policy with optimal short-term incentives (θ∗π). The dashed
line depicts the emissions policy with no short-term incentives (θπ = 0). The emissions intensity is
expressed in percentage deviations from the mean. The observed profit shock is expressed in standard
deviations. The policy is based on the estimated parameters reported in Table 2.2.

that they are close to the target, and opportunistically cut spending on carbon abate-

ment to reduce the probability of missing analysts’ profit targets. In contrast, for large

absolute values of profit noise, managers understand that they will either miss or beat

short-term profit targets, so their optimal emissions policy in such states is dominated

by their private disutility from carbon emissions, leading to below-average emissions

intensity.

In summary, short-termism affects carbon emissions in two ways. First, carbon

emissions show increased sensitivity to profit noise due to opportunistic cuts in carbon

abatement investments when managers are close to targets. Second, short-termism

poses a persistent threat of missing targets for managers. In particular, the perceived

marginal cost of carbon abatement can be obtained from differentiating managers’
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time-t payoffs with respect to carbon emissions

2ψq2i,t
e3i,t

+ ϕe − qi,tθπ
∂

∂ei,t
Pν

(
Πi,t < Πf

i,t

)
.

The total marginal cost of carbon abatement consists of the physical cost of carbon

abatement
2ψq2i,t
e3i,t

, net of managers’ private disutility from carbon emissions ϕe < 0,

and the expected marginal loss in compensation due to a higher probability of miss-

ing analysts’ profit targets. Since the probability of missing analysts’ profit targets

decreases in carbon emissions, i.e., ∂
∂ei,t

Pν
(
Πi,t < Πf

i,t

)
< 0, short-termism increases

the marginal cost of carbon abatement and thus carbon emissions in equilibrium. I

estimate the magnitude of this effect in my quantitative analysis.

2.5 Quantitative Results

In this section, I structurally estimate the model and quantify the impact of short-

termism on carbon emissions. Section 2.5.1 discusses the structural estimation of the

parameters, while Section 2.5.2 documents the quantitative impact of short-termism

on carbon emissions. Finally, I present a range of additional robustness analyses in

Section 2.5.3.

2.5.1 Structural Estimation

I externally calibrate the real interest rate and the labor share. Following Terry (2023),

I set the real interest rate R to 1.06 per year. The labor share l is set to 0.6 (Karabarbou-

nis, 2024).

Simulated Method of Moments. I estimate the remaining parameters of the model in

Table 2.2. Measuring carbon emissions is much more difficult than measuring other
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TABLE 2.2
Baseline model results

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.9305 0.0038
Std of sales shock σz 0.0866 0.0046
Std of observed profit shock σε 0.0094 0.0011
Std of unobserved profit shock σν 0.0081 0.0018
Private cost of managers ϕe −0.2097 0.0572
Cost of carbon abatement ψ 0.0091 0.0014
Future cost of carbon α 1.3730 0.1040
Std of measurement error in carbon emissions σe 0.0779 0.0215

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.1746 0.2366 −6.96
Std of forecast error 0.3329 0.3863 −8.44
Std of sales growth 0.1104 0.0990 3.05
Std of profitability 0.0322 0.0423 −6.45
Std of carbon intensity 0.0737 0.0812 −0.69
Correlation of sales growth, profitability 0.1222 0.6849 −13.87
Correlation of sales growth, carbon intensity −0.1480 −0.0471 −5.51
Correlation of profitability, carbon intensity −0.1039 −0.1272 0.60
Correlation of profitability, forecast error 0.1877 0.2699 −2.10
Correlation of carbon intensity, forecast error −0.0106 −0.0073 −0.06
Correlation of sales growth, forecast error 0.1333 0.0678 1.83
Prob of meeting forecast 0.5703 0.5578 2.37
Prob. of just meeting to prob. of just missing 1.4864 1.3635 12.14

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.24%
Mean carbon abatement cost increase from short-termism 6.90%
∆ Firm profits without short-termism −0.43%
∆ Carbon emissions without short-termism −2.19%

Notes: The table reports the baseline results from the structural estimation. Panel A shows the pa-
rameter estimates using efficient moment weighting. Panel B documents a comparison of the actual
data moments with the simulated moments using the optimal parameter vector θ̂SMM . The actual
data moments are computed from a panel that comprises earnings surprises, financial data, and carbon
emissions for 2,574 observations from 452 firms between 2006 and 2019—fewer than the 3,286 firm-
year observations reported in the data section, as the structural estimation requires non-missing values
across all targeted moments. Model moments use a panel of 1,000 firms and 25 years. Standard errors
are clustered at the firm level; values are reported rounded to four decimal places. Panel C documents
the optimal short-term incentives θ∗π , and computes the quantitative impacts of short-termism on the
mean carbon abatement cost, firm profits, and carbon emissions.

firm fundamentals such as assets or sales. Therefore, I assume that there is measure-

ment error in carbon emissions. So, I add i.i.d. Gaussian noise with variance σ2
e to
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carbon emissions in the simulation and determine σe in the structural estimation. In

total, I estimate eight parameters using SMM. My identification strategy considers 13

moments computed from the merged Compustat/IBES/Trucost dataset. I target the

full correlation matrix of sales growth, profitability, carbon intensity, and forecast er-

rors.13 These moments are particularly informative about the parameters that drive

firm fundamentals.

Moreover, I focus on two local moments around the zero forecast error, one being

the probability of meeting analysts’ forecasts, defined as the percentage of positive

forecast errors, and the other being the extent of bunching above the zero forecast error

threshold. More specifically, the latter moment is defined as the ratio of the number

of firms whose earnings exceed analysts’ forecasts by a maximum of ten percent to

the number of firms whose earnings fall short of analysts’ expectations by a maximum

of ten percent. These two local moments help to identify managers’ private costs of

carbon emissions, which are reflected in the degree of short-termism in the model.

Finally, I target the average carbon intensity to pin down the ratio of costs and benefits

of reducing carbon emissions.

I choose the parameter vector θ so that the simulated moments from the model are

close to the actual data moments. More formally, the optimal parameter vector θ̂SMM

is defined by

θ̂SMM = argmin
θ

(
m
(
X | θ

)
−m

(
X
))
W

(
m
(
X | θ

)
−m

(
X
))′

, (2.17)

where m
(
X
)

is the moment vector computed from the actual data and m
(
X | θ

)
is the

moment vector computed from the simulated data. I use the optimal weight matrix

13Sales growth is defined as 2
qi,t−qi,t−1

|qi,t|+|qi,t−1| , which uses a robust growth rate formula that is conve-
niently bounded between -2 and 2 (Davis and Haltiwanger, 1992). Profitability and carbon intensity are
profits and carbon emissions scaled by sales. Moreover, I follow Terry (2023) and use the percentage

forecast error in my structural estimation, which is computed according to 2
Πi,t−Πf

i,t

|Πi,t|+|Πf
i,t|

.
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FIGURE 2.5
Identification of private manager costs parameter ϕe

Notes: The figure plots selected, smoothed moments as a function of managers’ private costs of carbon
emissions ϕe for values below and above the estimated ϕe = −0.21.

W and cluster standard errors by firm (Hansen and Lee, 2019). For a given parame-

ter vector θ, I generate a panel of 1, 000 firms for 25 years with a burn-in period of 25

years. I then compute the simulated moments and compare them to the actual data

moments. I use the Simulated Annealing algorithm to find the minimum in Equation

(2.17).

Identification. Next, I discuss the identification of the parameters. Figure 2.5 plots se-

lected moments that are particularly helpful in identifying managers’ private costs of

carbon emissions ϕe. With lower ϕe and thus more short-termism, managers are more

likely to engage in opportunistic cuts to carbon abatement investments. Hence, the
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correlation between profitability and carbon intensity increases moderately (top left).

If managers care more about carbon emissions, the mean carbon intensity decreases

(top right). Although short-term incentives neutralize the agency conflict to some ex-

tent, they do not fully eliminate managers’ private incentives because managers have

private information about profit noise. Moreover, a lower ϕe induces managers to meet

profit forecasts more often (bottom left). Likewise, the bunching around the zero fore-

cast error increases with the degree of short-termism (bottom right). Thus, the agency

conflict parameter ϕe is identified from global moments related to firm fundamentals

and local moments related to forecast error patterns.

The identification of the other parameters is standard. Figure A.4 in the Appendix

shows selected targeted moments that are particularly useful for identifying the re-

maining parameters of the model. The correlation between sales growth and prof-

itability decreases with the persistence of sales ρ (top left). Increased volatility in the

sales shock σz intuitively generates a higher standard deviation of sales growth (top

middle). The manager-observed shock ε enters the optimal emissions policy, so in-

creasing σε raises the forecast-error variance through both a direct noise term and an

induced covariance (top right). In contrast, an increase in unobservable profit noise

σν affects the standard deviation of forecast errors mainly mechanically and shows up

strongly in the bunching ratio (middle left). A higher cost of carbon abatement ψ in-

creases the mean carbon intensity in the model (middle middle), while a higher future

cost of carbon α leads to a lower mean carbon intensity (middle right). Finally, the bot-

tom middle panel shows that the standard deviation of measurement error in carbon

emissions σe is identified from the standard deviation of carbon intensity.

Baseline Estimates. Panel A of Table 2.2 reports my baseline parameter estimates.

The estimated persistence of the sales process is high with ρ̂ ≈ 0.93. Moreover, the
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ratio of earnings noise observed by managers, σ̂2
ε

σ̂2
ε+σ̂

2
ν
≈ 0.57, suggests moderate in-

formation asymmetries. Managers incur quantitatively significant private costs from

carbon emissions. The perceived private costs amount to about 14.9% of the mean

physical marginal cost of carbon abatement
∫
2ψq2i,t/e

3
i,tdF (ei,t−1, qi,t, εi,t) ≈ 1.41. In

response, the board of directors chooses moderately large short-term incentives with

θ̂π ≈ 0.24%. Thus, missing analysts’ targets is as costly for managers as a one-time loss

of 0.24% of mean production profits.

Model Fit. Panel B of Table 2.2 compares the data moments with the simulated mo-

ments implied by my baseline parameter estimates. In summary, the model fits the

data reasonably well. The mean carbon intensity in the data is about 0.1746, while

it is 0.2366 in the model. The standard deviations of the forecast error, sales growth,

profitability, and carbon intensity are closely reproduced by the model. The model is

able to match all signs of the targeted correlations, which is difficult due to the coexis-

tence of slightly negative and positive correlations. Moreover, the magnitudes of the

correlations generally fit well. For example, the correlation between profitability and

carbon intensity is −0.1039 in the data, while it is −0.1272 in the model. Finally, the

model fits the local moments associated with the probability of hitting analysts’ profit

targets and the bunching pattern at the zero forecast error threshold.

2.5.2 The Quantitative Impact of Short-Termism

I use the estimated model to run counterfactual simulations and compare various

quantities in an economy with short-term incentives θ∗π > 0 to an economy without

short-termism. As outlined above, managers’ perceived private costs of carbon emis-

sions amount to 14.9% of the mean physical cost of carbon abatement. Short-term in-

centives increase the marginal cost of carbon abatement via the expected marginal loss
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in compensation due to a higher probability of missing analysts’ profit targets, which

can be estimated by −θ∗π
∫
qi,t

∂
∂ei,t

Pν
(
Πi,t < Πf

i,t

)
dF (ei,t−1, qi,t, εi,t). Relative to the av-

erage physical cost of carbon abatement, short-termism increases the marginal cost of

carbon abatement by 6.9%, which may be interpreted as an economically meaningful

carbon subsidy. In total, boards only partially reverse managers’ private incentives be-

cause managers have private information about profit noise, and thus short-termism

also causes value-destroying cuts in carbon abatement when managers are close to

targets.

I compare carbon emissions and firm profits in my estimated model with optimal

short-term incentives θ̂π ≈ 0.24% to a counterfactual economy with no short-termism.

I find that eliminating short-termism from managers’ contracts reduces firms’ profits

by 0.43% and carbon emissions by 2.19%. At the aggregate level, short-termist carbon

emissions amount to about 142 million tons of CO2 when benchmarked against the

level of aggregate emissions in the U.S. economy in 2022. This amount is equivalent to

total U.S. aviation emissions in 2022.

The average firm in my sample earns just over $1 billion in annual profits while

emitting 2.39 million tons of CO2. Thus, each ton of carbon dioxide saved by eliminat-

ing short-term incentives costs about $84 in 2017 USD. Rennert et al. (2022) estimate

that the social cost of carbon ranges from $42 to $397, with the preferred estimate being

$178 in 2017 USD. Since the social cost of carbon tends to be higher than the implicit

cost of removing short-term incentives, short-termism is likely to be welfare-reducing

at the aggregate level.

2.5.3 Robustness of SMM Results

This section presents different model extensions and a range of additional robustness

analyses. Table 2.3 documents the key results and computes the quantitative impacts
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TABLE 2.3
Robustness analyses for structural estimation

Optimal Short-Term Carbon Abatement ∆ Firm ∆ Carbon
Incentives, θ∗π (%) Cost Increase (%) Profits (%) Emissions (%)

Baseline estimates 0.24 6.90 −0.43 −2.19
Exog. short-termism 0.18 7.62 0.95 −2.29
Cost of carbon: αm vs. αf 0.20 6.41 −0.43 −2.05
Accruals manipulation 0.13 3.37 −3.45 −1.44
Private firms, same intensity 0.20 5.93 −0.37 −1.88
Alternative cost function 0.18 5.77 −0.43 −2.20
Full sample 0.41 12.65 −0.55 −4.02
Before-Paris-Agreement sample 0.26 11.42 −0.89 −3.35
After-Paris-Agreement sample 0.19 5.90 −0.43 −1.88
High-carbon-intensity sample 0.69 12.40 −1.54 −3.90
Low-carbon-intensity sample 0.59 14.45 −0.29 −2.14
High-tangible-assets sample 0.23 8.28 −0.70 −2.51
Low-tangible-assets sample 0.17 5.98 −0.43 −1.89
Young-CEOs sample 0.14 7.68 −0.46 −2.13
Old-CEOs sample 0.23 6.53 −0.44 −2.02

Notes: The table reports the quantitative impacts from conducting various model robustness checks.
Optimal Short-Term Incentives, θ∗π (%), are the firm-value-maximizing short-term incentives chosen by
the board of directors. Carbon Abatement Cost Increase (%) is the mean percentage increase in carbon
abatement cost due to short-term incentives θπ > 0. ∆ Firm Profits (%) is the counterfactual percentage
change in firm profits when short-term incentives are removed from managers’ contracts (θπ = 0).
Similarly, ∆ Carbon Emissions (%) reports the counterfactual percentage change in carbon emissions in
an economy without short-termism.

on carbon emissions and firm profits of counterfactually removing short-termism. Fur-

ther details and discussions of the model extensions and robustness tests are provided

in the main text and the Appendix.

Alternative Ways to Model Short-Termism. In my baseline model, short-term incen-

tives are optimally imposed by the board of directors because managers derive private

disutility from carbon emissions (ϕe < 0). To address concerns that this endogenous

incentive structure is unrealistic, I estimate two alternative models. First, I assume that

short-term incentives θπ arise for exogenous reasons. Specifically, I set ϕe = 0, omit the

board’s optimization problem, and estimate θπ directly from the data alongside all

other model parameters. I provide more details on this simplified model in Section

A.3.3 of the Appendix. The quantitative effects are similar to those in the baseline,
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as the estimated short-term incentives amount to 0.18% of mean production profits,

and counterfactual carbon emissions in the absence of such incentives are 2.29% lower

(detailed results in Table A.7). In this model, there is no agency conflict, so removing

short-term incentives leads to an increase in firm value.

Second, I again drop the assumption that managers experience private disutility

from carbon emissions. Instead, I argue that the nature of financial communication

creates a wedge between the perceived cost of carbon for managers (αm) and for the

board (αf ). Specifically, because managers act as the public face of the firm and are re-

sponsible for communicating its emissions policy, they directly bear the reputational

consequences of public scrutiny. In contrast, the board remains largely insulated from

such reputational exposure. I outline the details of this alternative model in Section

A.3.3 of the Appendix. Quantitatively, the results are similar to those in the baseline:

the board continues to impose moderate short-term incentives (θ∗π = 0.20%), which in-

crease the mean carbon abatement cost by 6.41%. In a counterfactual scenario without

short-term incentives, carbon emissions are 2.05% lower. More detailed results can be

found in Table A.8.

Accruals Manipulation. A large literature in accounting emphasizes that managers

do not rely solely on real actions—such as cutting discretionary expenses—to manage

earnings, but may also manipulate accruals to inflate reported profits (e.g., Dechow

et al., 1995, Kothari et al., 2005, Cohen et al., 2008). In my baseline model, I abstract

from accruals manipulation for the sake of simplicity. However, the potential substitu-

tion between real economic actions and accrual-based earnings management may be

quantitatively important. I therefore estimate an extension of the model that incorpo-

rates accruals manipulation. To maintain tractability, I model accruals manipulation

ai,t as a static choice: while it increases reported profits in the current period, it incurs
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a quadratic private cost for managers, governed by a parameter ϕa < 0. Details of this

extension are provided in Appendix A.3.3 along with the full results in Table A.9. The

reestimated model yields slightly lower optimal short-term incentives (θ∗π = 0.13%),

as the board anticipates that managers can now more easily meet short-term profit

targets—not only by reducing carbon abatement investments, but also by inflating

paper profits through accruals. The quantitative impact of short-term incentives on

reported profits becomes larger, with earnings increasing by 3.45%. In the counterfac-

tual scenario without short-term incentives, carbon emissions are 1.44% lower. While

the effect is somewhat smaller than in the baseline model, it remains economically

meaningful.

Private Firms Without Short-Termism. In my counterfactual analysis, I focus on pub-

licly traded firms because, for these firms, analysts’ short-term profit targets provide

a readily observable measure of short-termism. Thus, I implicitly assume that pub-

lic firms are a reasonable proxy for all U.S. firms. However, private firms are subject

to less stringent reporting requirements and less analyst coverage than public firms.

Nevertheless, survey evidence shows that private firm executives feel almost as much

pressure to meet short-term earnings targets as their public firm peers (Graham et al.,

2005). In the case of private firms, short-term pressures do not come from external

sources such as analysts but from internal goals set by private investors. For exam-

ple, private equity investors are likely to set short-term targets to monitor managers.

Similarly, lenders to private companies, such as banks, generally do not have infinite

horizons. In summary, the nature of short-term incentives may be different for private

and public firms, but both are likely to have their own versions of short-termism.

To further address the concern that my baseline estimates overstate the impact of

short-termism on carbon emissions due to the presence of private firms, I extend my
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model to feature an exogenous mass of private firms mpr. In particular, I conserva-

tively assume that there are no short-term incentives for private firms. When mpr = 0,

the model nests the baseline model, and when mpr = 1, short-termism is absent in

the economy. The quantitative analysis including private firms is complicated by the

fact that carbon emissions for private firms are not available, and so the appropriate

mass of private firms in the model is difficult to calibrate. However, U.S. Census data

show that the share of total sales generated by private firms in the U.S. economy is

13.75% during my sample period. Assuming relative carbon intensities for public vis-

a-vis private firms, I calculate the mass of private firms mpr in the model to match the

real-world carbon emissions shares for public and private firms under each scenario.

I provide more details on this extension in Section A.3.3 of the Appendix.

I examine the quantitative impact of including private firms under several con-

servative scenarios, ranging from assuming that private firms are as carbon-intensive

as public firms to assuming that private firms are twice as carbon-intensive as public

firms. For example, if private firms are as carbon-intensive as public firms, the mass

of private firms in the model is mpr = 14.01%.14 Table 2.3 shows that the effect of

short-termism on carbon emissions is only slightly muted in this case (−1.88% versus

−2.19% in the baseline model). As private firms become more carbon-intensive, the

mass of private firms in the model increases mechanically. In an extremely conser-

vative scenario where private firms are twice as carbon-intensive as public firms, the

mass of private firms is as high as 24.58%. Nevertheless, I find that the estimates re-

main quantitatively meaningful, since carbon emissions in the economy fall by 1.65%

when short-term incentives are removed from managers’ contracts (see Table A.10).

14The mass of private firms in the model is greater than the share of revenue accruing to private
firms because private firms have lower carbon emissions than public firms due to the lack of short-term
incentives.
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Alternative Cost Function. The curvature of the cost function plays a key role in de-

termining the optimal level of carbon intensity. In the baseline model, I assume a

simple quadratic cost function: c(qi,t, ei,t) = ψ/η2i,t, where ηi,t denotes carbon intensity.

This specification implies rather strong convex abatement costs. To introduce more

flexibility, I estimate an alternative model that allows for varying curvature using the

functional form c(qi,t, ei,t) = ψ/ηγi,t, where γ > 0 governs the degree of convexity. I

structurally estimate γ alongside the other model parameters and present detailed re-

sults in Table A.11 of the Appendix. The resulting estimate, γ ≈ 1.50, implies slightly

less convex abatement costs relative to the baseline. Nonetheless, the quantitative im-

plications are similar: firm profits decline by 0.43%, and carbon emissions fall by 2.20%

in the counterfactual equilibrium without short-term incentives.

Full Sample. As described in the data section, Trucost imputes missing data on carbon

emissions using a nearly deterministic function of firm fundamentals such as sales and

assets (Aswani et al., 2024). Since my structural estimation requires observing varia-

tion in carbon emissions that is not deterministically related to firm fundamentals, I

exclude all imputed data points from my baseline sample. When I estimate the model

using the full sample including imputed data points, the quantitative effects become

larger. Detailed results are presented in Table A.12 of the Appendix. The board of di-

rectors continues to impose moderate short-term incentives of θ∗π = 0.41%, which lead

to an average increase in perceived carbon abatement cost of 12.65% (baseline sample:

6.90%). Removing these short-term incentives reduces firm profits by 0.55% (baseline

sample: −0.43%) and carbon emissions by 4.02% (baseline sample: −2.19%). Overall,

the model fit is worse in the full sample, likely due to the deterministic nature of the

imputed data.
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Before- and After-2015-Paris-Agreement Sample. I estimate the model separately

before and after the 2015 Paris Agreement. Detailed results can be found in Tables

A.13 and A.14. Because of the increased attention to climate change, one might expect

the quantitative impact of short-termism to be smaller in the after-Paris-Agreement

sample. The results are consistent with this idea, as eliminating short-term incentives

from managers’ contracts has a quantitatively larger impact on carbon emissions in

the before- than in the after-Paris-Agreement sample (−3.35% vs. −1.88%).

High- and Low-Carbon-Intensity Sample. I also estimate the model separately for

firms above and below the median carbon intensity (detailed results in Tables A.15

and A.16). Cuts in carbon abatement investments should be more useful for profit

manipulation when these investments are costly, i.e., for high-carbon-intensity firms.

Consistent with this idea, I find that optimal short-term incentives are lower in the

low-carbon-intensity sample (θ∗π = 0.59%) than in the high-carbon-intensity sample

(θ∗π = 0.69%). In addition, the quantitative effects are more pronounced in the high-

carbon-intensity sample. For example, without short-term incentives, firm profits de-

crease by 1.54% for high-carbon-intensity firms, while they decrease by only 0.29% for

low-carbon-intensity firms. Similarly, carbon emissions decrease by 3.90% for high-

carbon-intensity firms and 2.14% for low-carbon-intensity firms.

High- and Low-Tangible-Assets Sample. I also estimate the model separately for

firms above and below the median level of tangible assets (detailed results are re-

ported in Tables A.17 and A.18). Empirically, firms with higher tangible assets tend to

be more carbon-intensive and face higher marginal costs of carbon abatement. Con-

sequently, as in the high-carbon-intensity sample, the quantitative effects are more

pronounced among firms with high tangible assets. In the absence of short-termism,
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carbon emissions decrease by 2.51% for firms with high tangible assets and by 1.89%

for those with low tangible assets.

Young and Old CEOs. I split the sample by CEO age and estimate the model sepa-

rately for CEOs above and below the median age. Again, I leave the detailed results

to the Appendix (Tables A.19 and A.20). Optimal short-term incentives are 0.14% for

young CEOs and 0.23% for old CEOs. The counterfactual effects of eliminating short-

termism on carbon emissions are −2.13% and −2.02%, respectively. The lower optimal

degree of short-termism for young CEOs is not driven by a lower disutility from car-

bon emissions. In fact, young CEOs appear to care slightly more about carbon emis-

sions than old CEOs (ϕe = −0.2553 vs. ϕe = −0.2359), but they manage firms for which

the future cost of carbon α (α = 1.6670 vs. α = 1.5930) is higher and thus the extent of

the agency conflict is smaller.

Parameter Robustness. In Table A.21, I vary the baseline parameter estimates by one

standard error up and down. Across all experiments, I find some moderate variation

in the quantitative impact of short-termism, but the main conclusion from the baseline

analysis remains unchanged.

2.6 Conclusion

I examine how corporate short-termism affects carbon emissions. I show that firms

that just meet analysts’ targets have about eight to nine percentage points higher car-

bon emissions growth than firms that just miss. Motivated by these reduced-form

facts, I develop a quantitative model with endogenous carbon emissions and short-

term incentives for managers. I estimate the model by SMM using data on forecast
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errors, firm fundamentals, and carbon emissions. The model generally matches the

moments in the real data well. I run counterfactual simulations and find that remov-

ing short-term incentives from managers’ contracts reduces firms’ profits by 0.43%

and carbon emissions by 2.19%. At the aggregate level, short-termist carbon emissions

amount to about 142 million tons, or as much as total U.S. aviation emissions in 2022.

My estimates imply that each ton of carbon dioxide saved by eliminating short-term

incentives costs about $84. As most conventional estimates of the social cost of carbon

are significantly higher, my analysis suggests that short-termism is welfare-reducing

via the carbon emissions channel.
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CHAPTER 3

Friends with Drugs: The Role of Social Networks in the

Opioid Epidemic1

Kai Mäckle2 Stefan Ruenzi3

Abstract

The current opioid epidemic is the worst drug epidemic the U.S. has ever
faced. We examine the role of social connections in its spatial spread. Having
many friendship links to counties with high opioid exposure positively cor-
relates with overdose death rates. To address identification concerns, we ex-
ploit two quasi-natural experiments that led users to substitute illicit opioids
for prescription drugs. Having more friends exposed to counties affected by
these shocks leads to higher overdoses. Strong local social networks can miti-
gate such negative spillovers. At a general level, our results show how social
connections contribute to the spread of non-infectious diseases.
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3.1 Introduction

The widespread prescribing of opioid-based painkillers and illicit use of related sub-

stances have led to a severe public health crisis in the U.S. that has claimed approx-

imately one million lives over the past two decades. Reports from the Centers for

Disease Control and Prevention (CDC) show that more than 107,000 individuals died

from drug overdoses in 2022, suggesting that the COVID-19 pandemic has accelerated

the opioid epidemic. Recent data indicate that the opioid epidemic may be showing

signs of plateauing.4 Opioid consumption is influenced by a wide range of socioeco-

nomic factors like personal characteristics and network effects induced by the social

environment. In this paper, we focus on the role of friendship networks in the opioid

epidemic. Our main contribution is to document that friendship networks help to ex-

plain the spread of the opioid epidemic. At a general level, our results thus provide

evidence of the social transmission of non-infectious diseases.

To study the role of friendship networks in the opioid epidemic, we construct a

new measure of Social Proximity to the opioid epidemic based on the Social Connect-

edness Index (SCI) (Bailey et al., 2018b), which is used to proxy for county-to-county

friendship links. The SCI is constructed from the universe of friendship links on Face-

book, but serves as a proxy for online and offline friendship networks, both of which

could affect drug usage patterns. For example, friends meet in person and exchange

information or substances. Consistent with this idea, survey evidence documents that

among individuals with substance misuse, approximately 41% obtained their first pills

for free from close friends or relatives (Han et al., 2017). Acquaintances might also

communicate remotely and share information about drug use or supply sources. A

plethora of anecdotal evidence also supports this view: for example, The New York

4See Provisional Drug Overdose Death Counts, accessed on February 5, 2025.
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Times reports that young buyers almost exclusively obtain illegal substances through

social media, where dealers and potential buyers first spot each other and then com-

municate directly.5 Offline and online social connections can affect the spread of drugs

via both supply-side and demand-side channels.

For each county in our sample, we calculate Social Proximity to the opioid epidemic

as the SCI-weighted sum of overdose death rates in all other counties. First, we use

panel regressions to correlate Social Proximity with different overdose death measures.

Our analyses are conducted at the county level to be able to analyze the evolution

of the opioid epidemic at a granular level. Second, to approach causality, we lever-

age the staggered introduction of must-access prescription drug monitoring programs

(PDMPs) across different states.

We find that Social Proximity to the opioid epidemic significantly correlates with

opioid overdose death rates. This result holds after controlling for lagged opioid death

rates, demographic factors, economic conditions, and unobserved heterogeneity at the

county and state-by-year level. A one-standard-deviation increase in Social Proximity

to the opioid epidemic is associated with an increase in opioid overdose death rates

by more than 25%. Friendship networks tend to cluster locally around individuals’

places of residence (Bailey et al., 2018b). Thus, we control for the physical proximity

to the epidemic in all our analyses. Additionally, we redo our analyses based only on

data on county pairs that are geographically distant and find that our results generally

still hold.

While we believe that the results described thus far are important in the sense of

allowing a better prediction of which counties are more likely to be affected by the epi-

demic in the future, they are obviously not sufficient to make any causal statements.

Establishing causal effects of friendship networks in the context of the opioid epidemic

5See NYT article, accessed on October 20, 2022.
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is plagued by endogeneity concerns. Network formation is generally endogenous, as

individuals self-select into friendship networks based on partially unobserved char-

acteristics. Previous authors show that individuals are more likely to be friends with

individuals who share similar personal characteristics along dimensions such as race,

ethnicity, age, religion, education, occupation, or gender (e.g., Lazarsfeld et al., 1954,

McPherson et al., 2001).

Unobserved variables might determine both friendship networks and overdose

deaths, which would lead us to inconsistently estimate friendship network effects.

Kuchler and Stroebel (2021) highlight two ways to achieve identification of peer group

effects: (1) random peer group assignment and (2) random shocks to an endogenously

formed peer group. We follow the latter strategy in our analysis. In particular, we

leverage policy-induced shocks to illicit drug consumption as quasi-experiments: the

staggered introduction of must-access PDMPs in 29 states between 2007 and 2019.

PDMPs are state-level programs that collect data on patients’ prescription history and

make this information available for physicians. Must-access PDMPs require physi-

cians to review patients’ prescription records before prescribing strong pain medica-

tion, potentially decreasing the likelihood that individuals with a suspicious record of

opioid prescriptions continue to be served with legal opioid prescriptions.

The idea of our identification strategy is as follows. Must-access PDMPs have been

shown to make it harder for drug addicts to feed their addiction using legal opioids,

thereby driving individuals into consuming illegal alternatives such as heroin and

fentanyl (e.g., Kim, 2021). Hence, the introduction of must-access PDMPs constitutes

an unintentional shock to illegal drug consumption that is plausibly orthogonal to

friendship network formation.

It is important to note that the introduction of must-access PDMPs might well be

endogenous. However, as long as the structure of a county’s friendship network is
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unrelated to the direct effect of the interventions in other counties, we can still identify

friendship network effects. Moreover, must-access PDMPs are particularly well-suited

to identify friendship network effects because they are state-level programs, i.e., only

applicable in the implementing state. Thus, there should be no direct effect on counties

in non-implementing states but only—if at all—an indirect friendship network effect.

In our analysis, we first confirm prior studies and provide further evidence show-

ing that must-access PDMPs are not only associated with reductions in opioid pre-

scriptions, but also linked to increases in total opioid overdose deaths. The effect

is driven by heroin as well as fentanyl overdose deaths. Hence, we establish that

must-access PDMPs represent (unintended) positive shocks to illicit drug consump-

tion in counties of implementing states, which is consistent with state-level evidence

from Kim (2021). As the key part of our empirical analysis, we then study how these

shocks propagate through friendship networks to socially proximate counties in non-

implementing states. Crucially, must-access PDMP legislation has no direct impact

on counties in non-implementing states. Absent any direct effect of the out-of-state

must-access PDMP shock, we can isolate the indirect friendship network effect. Our

results are consistent with the spread of illicit drug consumption through friendship

networks. For example, a one-standard-deviation increase in friendship network ex-

posure to out-of-state must-access PDMPs is related to an increase in total opioid over-

doses by 0.92 deaths per 100,000 residents. The effect size is as large as 12% of the

sample average. The effects are largest for heroin and fentanyl overdoses.

In the Appendix, as an alternative identification strategy, we explore the spillover

effects of another intervention that also led to a substitution toward illegal opioids:

the 2010 OxyContin reformulation. Similar to our PDMP analysis, we first provide

evidence that the OxyContin reformulation is not only associated with decreases in

opioid prescriptions but also with substantial substitution to illicit alternatives such as
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heroin and fentanyl, confirming prior state-level evidence from Alpert et al. (2018). We

then analyze whether the OxyContin reformulation shock spreads through friendship

networks. We find that counties having closer ties to other counties more affected

by the 2010 OxyContin reformulation experience an adverse impact on total opioid

overdose measures in the post-2010 period. The economic magnitude of the effects is

consistent with our PDMP results.

We also provide some suggestive evidence on the mechanisms underlying our

baseline results, on various stages of addiction as well as related substance abuse pat-

terns being affected by spillovers, and on the role of protective peer effects. On the

mechanism side, our results suggest that spillovers are stronger to counties with a high

baseline level of opioid prescriptions, with many interstate connections, and in states

with “thick markets” for illicit opioids, pointing to an interaction of demand- and

supply-side conditions with social networks. Moving beyond deaths as the ultimate

outcome, we document that friendship networks also affect earlier stages of addic-

tion: exposure to out-of-state PDMPs increases opioid-related Google search activity,

illicit drug use, alcohol use disorder, cocaine consumption, marijuana consumption,

and depressive episodes, but not legal opioid prescriptions. Finally, we show that lo-

cal social capital can mitigate negative spillovers from friendship networks: counties

with more cohesive and inclusive within-county friendship networks—particularly

those that bridge socioeconomic divides—experience attenuated increases in overdose

deaths.

We conduct a battery of robustness tests ensuring that our main results are stable.

We explicitly control for labor market effects, time-varying effects of income differ-

ences, Designated Market Area (DMA)-by-year fixed effects, and migration between

counties with different exposure to the epidemic. Our friendship network effect is

stable across all specifications. Furthermore, we implement placebo tests where we
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randomize the social connections between any county pair and reestimate our specifi-

cations. We find that the point estimates using the true social connections are located

in the extreme tail of the placebo distribution, further validating our empirical results.

To mitigate the concern that our friendship network effect might be partly driven by

the direct effect of must-access PDMPs, we also perform a robustness check by ex-

cluding counties located in PDMP-implementing states. Moreover, we also exclude

counties that border implementing states to address the potential concern that these

non-implementing counties could be directly affected as individuals from implement-

ing counties could travel across state borders to circumvent must-access PDMP legis-

lation in their home state. Finally, we also conduct a matched-sample analysis. Our

results are robust across these tests.

Related Literature. Our paper contributes to three different strands of literature. First,

we relate to the growing literature that explores the forces shaping the opioid epi-

demic. PDMPs seem to prevent opioid misuse but only if they have a must-access

provision (Buchmueller and Carey, 2018). However, must-access PDMPs are also as-

sociated with substantial substitution to illicit alternatives (Mallatt, 2018, Meinhofer,

2018, Balestra et al., 2021, Kim, 2021). Several studies analyze the effects of the 2010

introduction of an abuse-deterrent version of OxyContin using state-level data (Alpert

et al., 2018, Evans et al., 2019, Powell and Pacula, 2021). Alpert et al. (2018) show that

this supply-side intervention significantly reduced OxyContin misuse, though at the

cost of a sharp rise in heroin overdose deaths.

Evans et al. (2019) provide similar evidence suggesting that the reformulation of

OxyContin did not bring about a reduction in combined heroin and opioid mortality,

but that each prevented prescription-opioid death was offset by an additional heroin

death, while Powell and Pacula (2021) document sustained negative long-term con-

sequences. Liu and Bharadwaj (2020) analyze the impact of online drug availability
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using the phased introduction of Craigslist. They find that both drug abuse and over-

dose deaths increase significantly after Craigslist’s entry. We provide complementary

evidence by showing that friendship networks are an important driver of the opi-

oid epidemic. Moreover, Cutler and Donahoe (2024) and Adamopoulou et al. (2024)

examine network effects in the context of the opioid epidemic. While they broadly

confirm our results, the focus of both studies is not to provide causal evidence using

large-scale, nationwide data.

Other authors examine the influence of economic conditions and institutional de-

tails (Currie et al., 2018, Pierce and Schott, 2020, Currie and Schwandt, 2021), the effects

of location-specific factors (Finkelstein et al., 2022), the role of retail pharmacy own-

ership (Janssen and Zhang, 2023), and the impact of physicians (Bobroske et al., 2022,

Eichmeyer and Zhang, 2022, Schnell, 2022) on the opioid epidemic. Alpert et al. (2022)

discuss the introduction of OxyContin in 1996 and the associated marketing activities

as a potential cause for the opioid epidemic. They show that state-based triplicate

prescription programs6 were effective in curbing the promotion of opioids and, as a

result, triplicate states are found to have lower growth rates of opioid overdoses. We

contribute to this literature in two ways. We confirm the findings concerning must-

access PDMPs as well as the OxyContin reformulation using county-level data and,

more importantly, we identify friendship networks as an important driver of the opi-

oid epidemic that has not been formally analyzed before.

Second, we also contribute to the growing literature on friendship networks and

social ties. Several studies have identified peer effects in different economic settings

like consumption choices (e.g., Kuhn et al., 2011, Gilchrist and Sands, 2016, De Giorgi

et al., 2020), households’ financial decisions (e.g., Duflo and Saez, 2003, Hong et al.,

6Triplicate prescription programs require physicians to obey special regulations when prescribing
controlled substances. Practically speaking, they create three copies of the prescription. One copy is
kept by the physician for her own record, the second copy is stored by the pharmacy, and the third
copy is sent to the state drug monitoring institution.
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2004, Bursztyn et al., 2014, Beshears et al., 2015, Ouimet and Tate, 2020), information

aggregation (e.g., Alatas et al., 2016), job opportunities (e.g., Munshi, 2003, Bandiera

et al., 2009), microfinance (e.g., Banerjee et al., 2013), and health behavior (e.g., Kremer

and Miguel, 2007, Fletcher and Marksteiner, 2017, Fadlon and Nielsen, 2019). Histor-

ically, empirical research on friendship networks using large-scale data from online

social networks has been scarce due to data availability issues. Only recently, Bailey

et al. (2018b) have introduced the publicly available SCI based on de-identified Face-

book data, triggering more work on friendship networks. Using the SCI as a proxy for

social connections in the real world, various authors document friendship network

effects in access to capital (Rehbein and Rother, 2025, Kuchler et al., 2022a), tax filing

behavior (Wilson, 2022), housing markets (Bailey et al., 2018a), insurance decisions

(Hu, 2020), international trade (Bailey et al., 2021), product adoption choices (Bailey

et al., 2022), social distancing during COVID-19 (Bailey et al., 2024), and upward in-

come mobility (Chetty et al., 2022a).

Third, we relate to the literature that studies the role of friendship networks in the

spread of epidemics. On a general level, the potential role of friendship networks in

the spread of infectious diseases has long been recognized (e.g., Keeling and Eames,

2005, Danon et al., 2011), and networks have been explicitly used in spatial epidemi-

ological models (e.g., Newman, 2002, Mossong et al., 2008). The availability of new

data sources on human interactions has renewed the interest in this line of research

(Buckee et al., 2021). Using the SCI, Kuchler et al. (2022b) show that the spatial spread

of COVID-19 correlates with the strength of social ties, arguing that friends are likely

to meet in person and transmit the disease via personal contact. We differ from these

authors as we focus on explaining the spread of a non-infectious disease and the causal

role of friendship networks. To the best of our knowledge, there are no other studies

that analyze the spread of the opioid epidemic through friendship networks.
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3.2 Data

We combine several data sources, including, among others, data on county-to-county

Facebook links, different overdose death measures, opioid supply data, and socioe-

conomic control variables. These datasets provide information at the county level,

which allows us to study spatial dynamics at a relatively fine geographic granularity.7

We describe our data in the next subsections.

3.2.1 Social Connectedness

We proxy for real-world county-to-county friendship links using the SCI first intro-

duced by Bailey et al. (2018b). This measure is based on the cross-section of all U.S.

Facebook friendship links as of August 2020. The raw friendship data are anonymized,

aggregated at the county-pair level, and scaled by the number of county-pair Facebook

users

SCIij =
# of Friendshipsij

# of FB Usersi × # of FB Usersj
, (3.1)

where i and j denote the respective county-pair. The SCI is scaled to the range 0

to 1,000,000,000 and measures the relative probability of a Facebook friendship link

between a user in county i and another user in county j. Prior authors argue that

Facebook provides a tool for real-world friends to interact online (Gilbert and Kara-

halios, 2009, Hampton et al., 2011, Jones et al., 2013, Bailey et al., 2018b), and therefore

the SCI allows a unique large-scale representation of U.S. friendship networks. Evi-

7Using counties as the unit of observation, which can be relatively small geographical units, could
lead to a situation where geographical regions that are in some cases extremely connected and whose
opioid use is also highly correlated end up being split. However, we control for physical distance in all
our regressions and show results to hold if we completely exclude geographically close counties from
the analysis. Thus, using counties as the unit of observation should not lead to any bias in our results.
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dence provided by Bailey et al. (2018a,b, 2020, 2021, 2024), Kuchler et al. (2022b), and

Rehbein and Rother (2025) is consistent with this notion. Moreover, Facebook usage

rates seem to be relatively stable across income groups, education groups, and racial

groups (Bailey et al., 2018b), further validating the SCI as an unbiased measure of real-

world friendship networks. Only a small fraction of Facebook users use opioids, so

one assumption of our analysis is that the SCI is also representative of real-world net-

works of potential drug users. In our analysis, we rely on a snapshot of the universe

of all Facebook friendship links as of August 2020. While time-varying information

on friendship links may be preferable, other authors find that the SCI is extremely sta-

ble over time (Kuchler et al., 2022b). Hence, concerns related to using time-constant

friendship data should be of minor importance here. To further mitigate potential con-

cerns related to time-varying friendship networks, we access the 2016 version of the

SCI and find that our results are virtually identical. Additionally, we find that changes

in opioid mortality between 2016 and 2020 are uncorrelated with changes in the aver-

age connectedness of a county. Finally, to ensure that migration flows are not driving

our results, we explicitly control for migration patterns in a robustness check and find

that our results do not change.

3.2.2 Mortality Data

Mortality data for the years 1999 to 2019 come from the National Vital Statistics System

(NVSS) Multiple Cause of Death database, which documents death rates by geography

(national, state, and county), age group, race, gender, year and month of death, week-

day of death, place of death, autopsy status, and underlying and multiple cause of

death. We access the public-use version of the data and create a dataset at the county-

year level. For confidentiality reasons, data points are suppressed in the public-use

dataset if a county has fewer than ten deaths per year. However, we can recover al-
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most all data points by applying a backout procedure. For each death category, we first

query the total number of deaths at the county level between 1999 and 2019, which is

rarely suppressed due to the long time period. We then run the same query but explic-

itly exclude the year under consideration. In the last step, we construct the number

of deaths by taking the difference between the first and second query. We are able to

recover almost all deaths with this procedure.8

We follow the CDC guidelines in computing opioid overdoses. First, we code

deaths as overdoses by using the ICD-10 external cause of injury codes X40-X44 (un-

intentional), X60-X64 (suicide), X85 (homicide), and Y10-Y14 (undetermined). Second,

we use drug identification codes, which provide information about the substances

found in the body at death. There are four drug identification codes related to opi-

oids: T40.1 for heroin, T40.2 for natural and semisynthetic opioids (e.g., oxycodone

and hydrocodone), T40.3 for methadone, and T40.4 for synthetic opioids excluding

methadone (e.g., fentanyl). We follow Kim (2021) and study four different measures

of overdose deaths: (i) total opioid overdoses (T40.1-T40.4), (ii) prescription opioid

overdoses (T40.2+T40.3), (iii) heroin overdoses (T40.1), and (iv) combined heroin and

fentanyl overdoses (T40.1+T40.4).9 It is important to note that these death categories

indicate any presence of specific drugs in the system of the deceased person but are not

exclusive: we cannot attribute a death to a single drug when multiple substances are

mentioned on the death certificate. However, as Alpert et al. (2018) point out, changes

8In untabulated results, we find that the backed-out death counts exactly match the not-suppressed
data points of the public-use dataset. Moreover, we perform several robustness checks and find that
our results become even stronger when we conservatively set suppressed death counts to zero, show-
ing that our use of the public version of the data does not lead to any bias favoring us to find any
results. In addition, our main regressions are population-weighted, meaning that larger counties with
a low probability of data suppression are assigned larger weights, and, as a robustness check, we also
document that our results are robust when all observations are weighted equally.

9These different overdose categories allow us to identify effects on total opioid overdoses as well as
to disentangle substitution patterns among different legal (prescription opioids) and illegal substances
(heroin and (illegal) fentanyl). We obtain qualitatively similar results when we use fentanyl overdoses
as a separate category. However, we document our main results using combined heroin and fentanyl
overdoses because heroin is often laced with fentanyl.
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FIGURE 3.1
National trends in death rates

Notes: The figure plots national trends in death rates from 1999 through 2019. Drug overdose death rates
are identified using ICD-10 underlying cause of death codes X40–X44, X60–X64, X85, and Y10–Y14. We
use the following multiple cause of death codes to measure specific drug involvement: T40.1 for heroin,
T40.2 for prescription opioids containing active ingredients like oxycodone and hydrocodone, T40.3 for
methadone, and T40.4 for synthetic opioids like fentanyl (excluding methadone). Data source: National
Vital Statistics System (NVSS).

in the presence of a drug over time are still clearly indicative of substitution patterns.

Thus, we can use these data to characterize the spatial spread of the opioid epidemic

and the relative importance of specific substances over time.

Figure 3.1 shows national trends in overdose death rates from 1999 through 2019.

Total opioid overdoses have increased from 2 to more than 14 deaths per 100,000 res-

idents. We can also see the three waves of the epidemic: First, the rise in total opioid

overdose deaths is mainly driven by prescription opioids, while the growth rate of

prescription opioid overdose deaths has somewhat flattened out since 2010. Second,

we see a strong increase in heroin overdose death rates from this time on. Third, more

recently, synthetic opioid overdoses (caused by, e.g., fentanyl) seem to be the main

driver of the epidemic, while the growth in prescription opioid and heroin overdoses
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FIGURE 3.2
Geographic distribution of opioid overdose deaths by county

Notes: The figure illustrates the geographic distribution of the total number of opioid overdose deaths
per 100,000 residents between 1999 and 2019. The data are obtained from the National Vital Statistics
System (NVSS). Total opioid overdose deaths are identified using ICD-10 underlying cause of death
codes X40-X44, X60-X64, X85, and Y10-Y14 together with the drug identification codes T40.1-T40.4.

has diminished. Still, the total death toll remains at historically high levels. To illus-

trate the geographic distribution of the opioid epidemic, Figure 3.2 shows a heatmap of

total opioid overdose deaths (T40.1-T40.4) between 1999 and 2019. Darker areas have

seen higher overdose death rates. The map documents substantial geographic hetero-

geneity in the distribution of opioid overdose deaths. Opioid overdose deaths seem to

cluster in Rust Belt counties and communities of the Northeast. In those regions, up to

1,000 opioid overdose deaths per 100,000 residents have been recorded between 1999

and 2019, indicating that approximately 1% of the population has died from opioid

overdoses. However, we also observe high death rates in counties in other regions. To

further illustrate the evolution of the opioid epidemic, we present heatmaps of opioid

overdoses at selected points in time in Figure B.1. Our goal is to better understand the

spatial spread of the opioid epidemic over time.
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3.2.3 Further Data Sources and Summary Statistics

We gather additional data from multiple other sources. Total population counts and

population counts by age group and racial group come from the National Cancer In-

stitute’s Surveillance, Epidemiology, and End Results Program. These demographic

variables are provided at the county level with an annual frequency. In order to proxy

for regional economic conditions, we obtain yearly county unemployment rates (Bu-

reau of Labor Statistics) and real per-capita income (Bureau of Economic Analysis).

Data on the physical distance between counties are gathered from the NBER county

distance database. Additional socio-demographic variables are obtained from the At-

las of Rural and Small-Town America provided through the Department of Agricul-

ture. For some of our analyses, we use per-capita opioid prescriptions (CDC) and

pharmacy-level opioid shipments sourced from ARCOS DEA.

Merging all different data sources results in our final dataset, which contains 65,247

county-year observations from 1999 to 2019. Since we drop territories and counties

in outlying states, we cover 3,107 out of 3,243 U.S. counties. Table 3.1 reports pooled

summary statistics for our final dataset. The average county in our sample has roughly

100,000 residents consisting of 80% non-Hispanic Whites and 9% non-Hispanic Blacks.

While friendship networks seem to be geographically concentrated, the average share

of friends further away than 50 (100) miles is still 47% (36%). These more distant links

allow us to distinguish social proximity from mere physical proximity in our later

analysis. The average per-capita income is 33,700 USD. County unemployment rates

vary between 0.7% and 30.3% and are on average 5.93%. The average annual total opi-

oid overdose death rate (T40.1-T40.4) is 5.09 per 100,000 residents, but counties differ

significantly in their exposure to the opioid epidemic as illustrated by the standard

deviation of 8.41 and the maximum value of 139.75 deaths per 100,000 residents (Ca-
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TABLE 3.1
Pooled summary statistics

Mean SD Q25 Median Q75 Min Max

Overdose Deaths

Total Opioids (T40.1-T40.4) 5.09 8.41 0.00 1.40 7.23 0.00 139.75

Prescription Opioids (T40.2+T40.3) 3.04 5.70 0.00 0.00 4.28 0.00 115.09

Heroin (T40.1) 0.72 2.41 0.00 0.00 0.00 0.00 58.45

Heroin + Fentanyl (T40.1+T40.4) 2.05 5.39 0.00 0.00 1.71 0.00 133.40

General Connectedness

Share of Friends within 50 miles (%) 53.15 13.12 44.65 55.20 63.49 0.96 79.40

Share of Friends within 100 miles (%) 63.71 12.29 56.04 66.61 73.13 5.85 85.58

Share of Friends within 200 miles (%) 73.12 10.70 67.89 76.33 80.75 11.22 90.77

log(SCI) 10.27 1.02 9.61 10.29 10.95 7.30 13.43

Total Population 0.98 3.14 0.11 0.26 0.66 0.00 101.06

Race (%)

Non-Hispanic White 79.79 19.45 68.95 87.33 95.05 2.09 100.00

Non-Hispanic Black 9.33 14.59 0.77 2.39 10.75 0.01 86.73

Population (%)

0-14 19.34 2.95 17.54 19.26 20.95 3.30 37.73

15-24 13.22 3.48 11.47 12.56 13.90 1.30 50.29

45-64 26.48 3.29 24.45 26.65 28.52 5.21 46.38

65-84 14.28 3.88 11.68 13.92 16.47 1.63 53.69

85+ 2.13 0.87 1.54 1.97 2.54 0.05 8.80

Economic Conditions

Per Capita Income 33.70 11.62 25.82 31.68 39.12 9.23 230.14

Unemployment Rate (%) 5.93 2.68 4.00 5.30 7.20 0.70 30.30

Notes: The table reports pooled county-level summary statistics for the years 1999 to 2019. All death
variables are normalized by county population and expressed per 100,000 residents. Per-capita income
is expressed in thousands of dollars, while total population is measured in millions.

bell County, West Virginia, 2017). The other death categories like prescription opioid

overdoses (T40.2+T40.3), heroin overdoses (T40.1), and combined heroin and fentanyl

overdoses (T40.1+T40.4) show a similar pattern. Generally, our summary statistics

are in line with other papers that use opioid mortality data at the county level (e.g.,

Cornaggia et al., 2021).
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3.3 Social Proximity to the Opioid Epidemic and Over-

dose Deaths

In this section, we study how Social Proximity to the opioid epidemic correlates with

overdose deaths. We document descriptive evidence that counties with more social

ties to areas severely affected by the opioid epidemic have higher overdose deaths in

the following year and explicitly quantify how much of the within-county variation in

overdose deaths is explained by Social Proximity to the opioid epidemic. We emphasize

that the results in this section only represent correlations that are nevertheless useful

for predicting the future spread of the epidemic. In Section 3.4, we document results

using an identification strategy.

We begin by presenting descriptive evidence showing that the SCI can help to pre-

dict the geographic spread of the opioid epidemic. To this end, we construct two dif-

ferent time-varying measures of proximity to the opioid epidemic. Our main variable

of interest is Social Proximity to the opioid epidemic, which is defined as

Social Proximityit =
∑
j ̸=i

Deathsjt ×
SCIij∑
h SCIih

, (3.2)

where Deathsjt denotes overdose deaths per 100,000 residents in county j and year

t.10 The sum j runs over all counties except the focal county i. Social Proximityit

measures the friendship network-weighted overdose death rate in county i and year

10We study four different measures of overdose deaths (as in Kim (2021)): (i) total opioid over-
doses (T40.1-T40.4), (ii) prescription opioid overdoses (T40.2+T40.3), (iii) heroin overdoses (T40.1),
and (iv) combined heroin and fentanyl overdoses (T40.1+T40.4). Therefore, when constructing
Social Proximityit and Physical Proximityit we also use these different overdose measures to proxy
for Deathsjt in Equations (3.2) and (3.3).
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t. Correspondingly, Physical Proximity to the opioid epidemic is constructed as

Physical Proximityit =
∑
j ̸=i

Deathsjt ×
1

1 +Distanceij
, (3.3)

whereDistanceij is the physical distance between counties i and j. Thus, counties that

are located nearby the focal county i are assigned a higher weight in the construction

of Physical Proximity. The construction of both proximity measures follows the same

approach as in Kuchler et al. (2022b).

Social Proximity measures a county’s exposure to the opioid epidemic through friend-

ship networks, while Physical Proximity allows us to control for county-level exposure

through physical proximity. Both measures are necessarily correlated because friend-

ship networks are geographically concentrated (see Table 3.1). However, Kuchler et al.

(2022b) showcase that geographically distant places (e.g., Westchester and the east

coast of Florida) can still often have strong social connections. Moreover, Figure B.2 in

the Appendix illustrates that there is substantial geographic variation in Social Prox-

imity that cannot be explained by Physical Proximity. We exploit such variation in our

analysis.

We standardize Social Proximity and Physical Proximity before running our regres-

sions. Thus, our following coefficient estimates can be interpreted as the effect of a

one-standard-deviation change in the respective proximity measure.

We first study how social and physical proximity dynamically affect overdose death

rates. Therefore, we estimate the following regression model

Deathsit = β1 × Social Proximityi,t−1 + β2 × Physical Proximityi,t−1

+ δXit +Φit + εit,

(3.4)

whereDeathsit denotes overdose death rates, Social Proximityi,t−1 (Physical Proximi-
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tyi,t−1) is a measure of lagged social (physical) proximity to the opioid epidemic, Xit

is a matrix of control variables, and Φit contains different sets of location and time

fixed effects. We also include the lag of the dependent variable as a control variable

in all specifications to account for any persistent effect on opioid death rates. Our

main results are population-weighted using county population in 1999, but the results

are not sensitive to this choice. Standard errors are clustered at the state level and in

parentheses.

Table 3.2 documents our first set of results. The dependent variable measures total

opioid overdose deaths (T40.1-T40.4) per 100,000 residents. Column (1) shows that

when we only include Social Proximityi,t−1 and Physical Proximityi,t−1 as regres-

sors, without controlling for any fixed effect, the estimated coefficient on lagged Social

Proximity is 1.1. This implies that a one-standard-deviation increase in Social Proximity

to the opioid epidemic in year t − 1 is associated with 1.1 more opioid overdoses per

100,000 residents in the following year. Given that the sample mean of total opioid

overdoses is 7.23, the effect size is clearly economically meaningful. Moreover, the es-

timated coefficient is also statistically significant at the one percent level. Notably, the

coefficient on Physical Proximity is smaller in absolute terms.

In columns (2) and (3) we add measures of general connectedness as well as de-

mographic and economic control variables. The effect of Social Proximity remains sta-

tistically significant at the one percent level and becomes even larger in magnitude,

while Physical Proximity does not seem to exert a consistently significant impact on

total opioid overdose deaths after the inclusion of control variables. In column (3), a

ten percent increase in per-capita income results in a statistically significant decrease

in opioid overdose deaths by 0.11 per 100,000 residents.

We saturate the model with various fixed effects to control for unobserved (time-

varying) state, county, and year-specific effects in columns (4) to (7). The estimated co-
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TABLE 3.2
Spatial spread of opioid epidemic

(1) (2) (3) (4) (5) (6) (7)

Proximity
Social Proximityt−1 1.100*** 1.478*** 1.514*** 1.339*** 1.415*** 2.176*** 1.983***

(0.270) (0.219) (0.211) (0.201) (0.203) (0.279) (0.286)

Physical Proximityt−1 0.534** 0.119 0.295* 0.820*** 0.044 1.481*** 0.665
(0.210) (0.165) (0.164) (0.232) (0.461) (0.311) (0.964)

Dependent Variablet−1 0.783*** 0.766*** 0.760*** 0.731*** 0.724*** 0.548*** 0.518***
(0.038) (0.037) (0.039) (0.041) (0.042) (0.051) (0.054)

General Connectedness
Friends within 100mi 0.013* 0.003 0.012 0.016*

(0.007) (0.007) (0.009) (0.009)

log(SCI) -0.055 -0.193** -0.341** -0.330**
(0.095) (0.093) (0.150) (0.158)

Race
Non-Hispanic White 0.023*** 0.020*** 0.030** 0.036*** 0.138*** 0.134**

(0.006) (0.006) (0.012) (0.012) (0.026) (0.059)

Non-Hispanic Black 0.028*** 0.026*** 0.041*** 0.044*** 0.125 0.119
(0.008) (0.007) (0.015) (0.014) (0.084) (0.087)

Age Group
15-24 -0.014 -0.022 0.045* 0.034 0.204 0.023

(0.021) (0.023) (0.024) (0.022) (0.171) (0.156)

25-44 0.104** 0.119** 0.422* 0.361
(0.045) (0.046) (0.245) (0.242)

45-64 -0.043 0.007 0.097** 0.059* 0.357 0.252
(0.034) (0.033) (0.039) (0.033) (0.249) (0.234)

65-84 0.040* -0.013 0.002 0.039 -0.006 -0.051
(0.024) (0.025) (0.029) (0.037) (0.172) (0.174)

85+ 0.084 0.338** 0.509*** 0.325** 0.630 0.142
(0.125) (0.144) (0.148) (0.123) (0.415) (0.341)

Economic Conditions
log(Per Capita Income) -1.136*** -1.405*** -1.252*** -2.319* -1.886

(0.257) (0.380) (0.352) (1.249) (1.211)

Unemployment Rate -0.058*** 0.081** 0.119*** -0.063 -0.102
(0.019) (0.034) (0.037) (0.052) (0.081)

Dependent Mean 7.22 7.22 7.24 7.24 7.23 7.24 7.23
State FE No No No Yes No No No
Year FE No No No Yes No Yes No
State × Year FE No No No No Yes No Yes
County FE No No No No No Yes Yes
N 62020 61771 60617 60617 60597 60617 60597
R2 0.755 0.758 0.761 0.772 0.797 0.795 0.822

Notes: The dependent variable is the total opioid overdose (T40.1-T40.4) death rate per 100,000 resi-
dents. Social (Physical) Proximity measures a county’s network (distance-weighted) exposure to the
opioid epidemic. Friends within 100mi is the share of friends within 100 miles. log(SCI) is the log of a
county’s average SCI. Non-Hispanic White (Black) denotes the percentage of people in the respective
race group. The different age groups measure the percentage of people in the respective age bracket.
Unemployment Rate is measured in percent. All regressions are population-weighted. Standard errors
are clustered at the state level and in parentheses. *, **, and *** denote significance at the 10%, 5%, and
1% levels, respectively.
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efficients on Social Proximity remain statistically significant at the one percent level and

only slightly decrease in magnitude when imposing more conservative model specifi-

cations. In our most conservative specification in column (7), we add state-by-year as

well as county fixed effects and our results are thus driven by within-county variation

in the same state and year, thereby controlling for a plethora of confounders like time-

constant county characteristics or differential state laws. Now, the coefficient estimate

on Social Proximity becomes 1.98. This effect size is economically large as it represents

some 27% of the mean opioid overdose death rate. Physical Proximity shows a positive

but insignificant estimate. Correspondingly, the effect size of Social Proximity remains

much larger in magnitude than the effect size of Physical Proximity. Furthermore, eco-

nomic conditions seem to have a moderate impact once we control for year-specific

state and county characteristics: both per-capita income and unemployment rates now

display an insignificant relation with total opioid overdose deaths.

Moreover, across all specifications, the coefficients of the variables capturing de-

mographic and economic conditions frequently switch signs and are rather small in

terms of economic magnitude. The only exception is the influence of the race vari-

ables, which indicate that counties with a higher non-Hispanic (Black or White) pop-

ulation share experience significantly higher death rates. Additionally, the coefficient

on the lagged dependent variable is statistically significant across all specifications and

ranges between 0.51 and 0.78.

Overall, these results show that Social Proximity is strongly associated with total

opioid overdose death rates as the estimated coefficients are statistically significant

and substantial in magnitude whether or not we control for demographic factors, eco-

nomic conditions, or unobserved heterogeneity at the state, state-by-year, or county

level.

To further explore the link between Social Proximity and the spatial spread of the
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TABLE 3.3
Overdose deaths and social proximity

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

Social Proximityt−1 1.983*** 0.819*** 0.562*** 1.185***
(0.286) (0.125) (0.092) (0.322)

Physical Proximityt−1 0.665 0.822** 0.395 0.317
(0.964) (0.372) (0.309) (0.653)

Dependent Variablet−1 0.518*** 0.291*** 0.569*** 0.689***
(0.054) (0.031) (0.029) (0.065)

Dependent Mean 7.23 3.85 2.02 4.04
N 60597 60597 60597 60597
R2 0.300 0.109 0.398 0.462

Notes: The table shows results from fixed effects panel regressions. Social Proximity measures a
county’s network exposure to the opioid epidemic. Physical Proximity captures a county’s distance-
weighted exposure to the opioid epidemic. The dependent variable in specification (1) is total opi-
oid overdose deaths (T40.1-T40.4), specification (2) considers prescription opioid overdose deaths
(T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification (4) concerns
combined heroin and fentanyl overdose deaths (T40.1+T40.4). The dependent variables are expressed
per 100,000 residents. Control variables are included as in Table 3.2, column (7). All regressions are
population-weighted and include state-by-year as well as county fixed effects. Standard errors are clus-
tered at the state level and in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1%
levels, respectively.

opioid epidemic, we estimate the most conservative specification of Table 3.2 using dif-

ferent measures of overdose deaths by drug category instead of aggregate death rates.

Table 3.3 documents the results. For the sake of clarity, we only report coefficient es-

timates on Social Proximity, Physical Proximity, and the lagged dependent variable. All

specifications include state-by-year and county fixed effects, effectively making this

a comparison of within-county variation in the same state and year. Panel A reports

results based on all friendship links. In column (1) we repeat the results for aggregate

death rates for comparison. Irrespective of the overdose death measure used in the

regressions, Social Proximity is always statistically significant at the one percent level.

Moreover, the coefficients are also economically meaningful. For example, column

(4) shows that if Social Proximity to the opioid epidemic increases by one-standard-

deviation in year t − 1, combined heroin and fentanyl overdoses increase by 1.19 per
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100,000 residents in year t. The effect size is quantitatively large when compared to

the unconditional sample mean of 4.04 combined heroin and fentanyl overdoses per

100,000 residents.11 Regarding Physical Proximity the picture is less clear. While we

obtain the expected positive coefficients in most cases, they are often not significant,

suggesting that it plays a less important role than Social Proximity.

Even though we directly control for Physical Proximity in our regressions, it is pos-

sible that our coefficient estimates on Social Proximity partially take up effects of local

socioeconomic factors that are not included in our analysis but are correlated with

Social Proximity. Hence, we would falsely attribute the effect of such variables to our

Social Proximity measure, overstating the network effect. In order to mitigate such con-

siderations, Table B.1 of the Appendix reports results based on a modified version of

the Social Proximity measure. In particular, instead of summing over all counties, we

now only consider counties having a physical distance of more than 50 miles (Panel

A) or 100 miles (Panel B) to the focal county, while still normalizing with respect to

the full network. We continue to find strong evidence for an important role of Social

Proximity in predicting the spread of the epidemic—especially for illegal opioids such

as heroin and fentanyl.

We provide additional information on the predictive power of Social Proximity in

Table B.2 of the Appendix. More specifically, we compute the incremental within-R2 of

the regressors used in our baseline regressions in Table 3.3. The incremental within-R2

is reported in percent and defined as the difference in the within-R2 using the full set of

variables and the within-R2 using the full set of variables except the variable in the re-

spective row. Hence, it measures how much of the within-county variation in overdose

11To show that our results are not driven by outliers in specific years, Figure B.3 in the Appendix
B.3 documents year-specific effects of Social Proximity to the opioid epidemic. Generally, we find that
the coefficient estimates are fairly stable over time. In line with the observation that fentanyl played a
minor role in the early years of the epidemic, the coefficients in Panel D of Figure B.3 (combined heroin
and fentanyl overdose deaths) start to become consistently significant only from 2008 on.
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deaths is explained by the variable under consideration. Overall, we find that Physi-

cal Proximity and socioeconomic variables do not explain a substantial fraction of the

time variation in county-level overdose deaths as the reported incremental within-R2s

show. However, our results strongly indicate that Social Proximity is the most impor-

tant variable for explaining time variation in county-level overdose deaths. For exam-

ple, the additional within-county variation in total opioid overdose deaths explained

by Social Proximity amounts to roughly 1.07%, while all other variables considered—

except for the lagged dependent variable—individually explain clearly less than 0.4%

of the variation.

3.4 Quasi-Experimental Variation in Network Exposure

to the Epidemic

While our results hitherto are suggestive of a causal impact of social proximity, the

baseline regressions are plagued by potential endogeneity concerns due to the in-

herently endogenous nature of friendship networks. Therefore, our results could be

driven by an omitted third factor that determines both the structure of county friend-

ship networks and overdose deaths. To address this concern, we use a shock to drug

consumption that hits a locally restricted part of the network.

In particular, we exploit policy-induced shocks to illicit drug consumption that are

orthogonal to friendship network formation. We analyze how county-level overdose

deaths change when out-of-state must-access PDMPs are implemented. Must-access

PDMPs have been shown to effectively reduce prescription opioid misuse, while at the

same time causing substantial substitution to illicit opioids such as heroin and fentanyl

(e.g., Alpert et al., 2018, Evans et al., 2019, Powell and Pacula, 2021, Kim, 2021). These

findings are also supported by the medical literature showing that most illicit drug
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users started to abuse prescription opioids before switching to even more dangerous

alternatives due to their pharmacological similarity (e.g., Cerdá et al., 2015, Compton

et al., 2016). We leverage these shocks to illicit opioid consumption in our empirical

design to study how opioids in general and heroin and fentanyl in particular spread

through friendship networks.

We emphasize that our identification strategy does not require PDMP introduc-

tions to be exogenous. It is actually not unlikely that the introduction of must-access

PDMPs is endogenous. However, as long as the structure of a county’s friendship

network is unrelated to the direct effect of the interventions in other counties—an as-

sumption that seems plausible—we can still identify friendship network effects.

We focus on the introduction of must-access PDMPs, i.e., state-level databases

that keep track of a patient’s prescription history and provide useful information to

physicians (Davis et al., 2014). PDMPs are either with or without a must-access provi-

sion. In case of a must-access provision, physicians are obliged to consider a patient’s

prescription record before prescribing controlled substances like opioids. Without a

must-access provision, it is at the physician’s discretion whether to consult the PDMP

database before prescribing controlled substances. However, unless access to PDMPs

is mandated, participation is low with take-up rates around 35% between 2010 and

2012 (Kreiner et al., 2014, Haffajee et al., 2015). Consistent with this observation, previ-

ous studies only find weak effects of voluntary PDMPs (e.g., Buchmueller and Carey,

2018). On the contrary, must-access PDMPs are found to effectively reduce opioid pre-

scriptions and prescription opioid misuse, though at the cost of substantial substitu-

tion to illicit drugs like heroin (Buchmueller and Carey, 2018, Mallatt, 2018, Kim, 2021).

We concentrate on 29 must-access PDMPs implemented between 2007 and 2019. Ta-

ble B.3 in the Appendix shows the introduction dates of must-access PDMPs obtained

from Sacks et al. (2021).
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We proceed in two steps. First, we show that must-access PDMPs reduce county-

level opioid prescriptions, while total opioid overdose deaths increase significantly.

This increase is driven by a substantial substitution to illegal substances like heroin

and fentanyl. Hence, must-access PDMPs induce a positive shock to illicit drug con-

sumption, particularly for heroin and fentanyl, in counties of implementing states.

These findings confirm the state-level results of Kim (2021) in our slightly expanded

sample and show that they also obtain at the county level. Second, and more im-

portantly, we exploit this shift toward illicit drug consumption using a difference-in-

differences design to study how the opioid epidemic propagates through friendship

networks to counties in other states. Specifically, we analyze how counties with many

connections to counties in states that implement a must-access PDMP, i.e., to regions

that experience a positive shock to illicit opioid consumption, differ from counties with

fewer such connections in terms of subsequent opioid-related death rates. Must-access

PDMPs provide an ideal setting to analyze friendship network effects since they are in-

troduced at the state level in a staggered way over time. Thus, they only affect counties

located in the implementing state, while out-of-state counties are not directly affected.

The absence of any direct effect on counties in non-implementing states allows us to

cleanly estimate the indirect friendship network effect.12

To first investigate the direct impact of must-access PDMPs in counties of imple-

menting states, we estimate the following staggered difference-in-differences model

yit = θ × PDMPit + δXit + ϕi + γt + εit, (3.5)

where PDMPit is a dummy variable that is one when a county has a must-access

12Out-of-state counties could be indirectly affected if individuals travel across state borders to cir-
cumvent must-access PDMP legislation in their home state. The analysis presented in Table B.7 in the
Appendix excludes counties that are geographically close to implementing states and shows that our
main results are unaffected.
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PDMP provision in year t.13 As above, yit are different measures of opioid overdoses

or opioid prescriptions per capita. Moreover, Xit is a matrix of socioeconomic control

variables. Following Kim (2021), we control for the OxyContin reformulation when

estimating the impact of must-access PDMPs.14 To control for time-constant county

characteristics and time-specific shocks, we include county (ϕi) as well as year (γt)

fixed effects. Note that we cannot control for state-by-year fixed effects in this setting

because our main variable of interest PDMPit varies at the state-year level. Our main

results are population-weighted using county population in 1999, but the results are

not sensitive to this choice. Table 3.4 shows the direct effects of must-access PDMP

introductions. Column (1) indicates that must-access PDMPs indeed reduce opioid

prescriptions by 0.04 per capita, or as much as 5.3% of the average annual prescrip-

tion rate. At the same time, however, columns (2) to (5) show that overdose deaths

do not decline but increase significantly, confirming the evidence from Kim (2021).

When evaluated at the average death rate per 100,000 residents, the increase is sharpest

for heroin and combined heroin and fentanyl overdoses, suggesting that opioid users

switch to illicit drugs like heroin once restrictions on legal prescriptions are in place.

Despite the decrease in opioid prescriptions, column (3) shows that overdoses involv-

ing prescription opioids increase after a must-access PDMP is introduced. This finding

is likely to be driven by the fact that our overdose measures indicate any presence of

specific drugs but are not exclusive: we cannot attribute the death to a single drug

when multiple substances are mentioned on the death certificate. Hence, even though

individuals substitute away from prescription opioids as indicated by the decline in

opioid prescriptions, we might observe an increase in prescription opioid overdose

13We also provide estimates of the average treatment effect based on Callaway and Sant’Anna (2021)
in the Appendix B.7. We find our baseline OLS results to be confirmed. Additionally, note that the
choice of the method to estimate the direct effect of PDMPs does not affect our follow-up analyses.

14In particular, to absorb any confounding effects of the OxyContin reformulation, we include
Pre2010OxyRatei ×Postt in Xit, where Pre2010OxyRatei are total county-level oxycodone shipments
between 2006 and 2009.
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TABLE 3.4
Must-access PDMPs: Direct effect

Opioid
Presc.

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP -0.039** 4.847*** 1.010*** 1.933*** 4.605***
(0.018) (1.369) (0.291) (0.580) (1.364)

Dependent Mean 0.74 7.80 4.12 2.18 4.40
Year FE Yes Yes Yes Yes Yes
County FE Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes
N 35913 52876 52876 52876 52876
R2 0.942 0.627 0.605 0.619 0.615

Notes: The table shows the direct effect of must-access PDMPs. PDMP is a dummy variable which is
equal to one if a state has enacted a must-access PDMP law. Opioid prescriptions per capita is the de-
pendent variable in specification (1), specification (2) covers total opioid overdose deaths (T40.1-T40.4),
specification (3) considers prescription opioid overdose deaths (T40.2+T40.3), specification (4) focuses
on heroin overdose deaths (T40.1), and specification (5) concerns combined heroin and fentanyl over-
dose deaths (T40.1+T40.4). The overdose measures are expressed per 100,000 residents. All regressions
are population-weighted and include year as well as county fixed effects. We flexibly control for local
economic conditions as well as the direct effect of the 2010 OxyContin reformulation by interacting the
county-level oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. Standard
errors are clustered at the state level and in parentheses. *, **, and *** denote significance at the 10%,
5%, and 1% levels, respectively.

death rates.15

After confirming that must-access PDMPs represent a shock to illicit drug con-

sumption in counties of implementing states, in the main step of this analysis we now

study whether this shock spills over to non-implementing regions through friendship

networks. We hypothesize that shocks to illicit drug consumption due to must-access

PDMPs propagate through friendship networks and eventually lead counties with

more social connections to states with must-access PDMPs to experience larger in-

15For example, it is likely that opioid addicts still continue to get prescriptions from their physicians,
but at a lower rate, and substitute the rest by heroin or other drugs obtained illegally on street markets
or via the Internet. Consistent with this explanation, Jones et al. (2015) report that around half of all
heroin users are also addicted to prescription opioid pain relievers. Therefore, we run additional tests
and only consider deaths attributable exclusively to prescription opioids but not heroin or fentanyl.
As expected, the positive effect of PDMPs on prescription opioid overdoses vanishes, with the point
estimate shrinking to 0.26 and being insignificant (p-value=0.23). Thus, our findings overall indicate
that must-access PDMPs cause a substantial shift from prescription opioids to illicit drugs.
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creases in opioid overdose deaths than counties with fewer social connections to these

implementing states. To measure changes in must-access PDMP network exposure we

define

PDMP NetExposureit =
S∑

s(i)̸=s(j)

1(PDMP in state s(j))t ×
SCIij∑
h SCIih

, (3.6)

where 1(PDMP in state s(j))t captures whether state s(j) has a must-access PDMP in

year t. The sum j runs over all states s(j) except focal county i’s own state s(i). Intu-

itively, PDMP NetExposureit measures how strongly a county’s friendship network

is exposed to states which have already implemented a must-access PDMP in year

t. Hence, it proxies for the degree to which counties are confronted with a PDMP-

induced shock to illicit drug consumption through their friendship networks. Impor-

tantly, PDMP NetExposureit varies across counties and time as counties are more

or less exposed to implementing states through their friendship networks and an in-

creasing number of states implement must-access PDMPs during our sample period.

Using the network exposure to must-access PDMPs, we test whether the shock to illicit

drug consumption induced by must-access PDMPs is transmitted through friendship

networks by estimating the following regression model:

Deathsit = α× PDMP NetExposureit + δXit + ϕi + γst + εit. (3.7)

Equation (3.7) contains county (ϕi) and state-by-year fixed effects (γst) to control for

any time invariant county characteristic and time-varying unobservables at the state

level. Thus, any variation at the state-year level is absorbed, including if a county’s

own state is implementing a must-access PDMP.

As in Equation (3.5), we include Pre2010OxyRatei × Postt in Xit to control for any
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confounding effect of the OxyContin reformulation.16 Moreover, we control for eco-

nomic and socio-demographic conditions as well as geographical distance to PDMP-

implementing-states.17 Our main results are population-weighted using county pop-

ulation in 1999, but the results are not sensitive to this choice. Standard errors are

clustered at the state level and in parentheses.

State-by-year fixed effects ensure a comparison between counties in the same state

and year. Thus, any effect we document must be driven by within state differences in

county network exposure to out-of-state must-access PDMPs, holding factors like leg-

islation (e.g., Pill Mill laws18), law enforcement, socioeconomic characteristics, unob-

served time-constant county heterogeneity, and the direct effect of the OxyContin re-

formulation constant. The identification assumption is that counties with more friend-

ship links to implementing states would have behaved like other counties in the same

state that have fewer friendship links to such states if the out-of-state PDMP had not

been introduced. The identification assumption cannot be verified directly, but we

later provide evidence that pre-trends did not differ significantly between counties

with high and low must-access PDMP network exposure.19

Table 3.5 shows estimation results from model (3.7) to test whether illicit drug con-

sumption is transmitted through friendship networks. In column (1), we find that a

one-standard-deviation increase in friendship network exposure to out-of-state must-

access PDMPs increases total opioid overdoses by 0.92 per 100,000 residents, which

corresponds to 11% of the sample average. The effect is also statistically significant at

16As above, the results are robust to controlling for Pre2010OxyRatei interacted with a full set of
year dummies (see Table B.10 of the Appendix).

17We define physical proximity to PDMPs for county i and year t as∑S
s(i) ̸=s(j) 1(PDMP in state s(j))t × 1

1+Distanceij
, where i indexes the focal county and j indexes

counties in other states.
18In untabulated results, we find that our results remain quantitatively unchanged when excluding

Florida from the sample.
19Additionally, Table B.5 in the Appendix B.8 presents summary statistics for (i) all counties, (ii)

counties with an above-median change in must-access PDMP network exposure, and (iii) counties with
a below-median change in must-access PDMP network exposure.
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TABLE 3.5
Must-access PDMPs: Indirect friendship network effect

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP NetExposure 0.920** 0.138 0.560*** 0.975***
(0.393) (0.107) (0.169) (0.352)

Dependent Mean 7.79 4.12 2.18 4.39
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 52858 52858 52858 52858
R2 0.759 0.670 0.752 0.779

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetEx-
posure measures the degree to which a county’s out-of-state social network is exposed to must-access
PDMP laws. The dependent variable in specification (1) is total opioid overdose deaths (T40.1-T40.4),
specification (2) considers prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses
on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and fentanyl over-
dose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for
demographic and local economic conditions as well as the 2010 OxyContin reformulation by interact-
ing the county-level oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The
regressions are population-weighted and include state-by-year as well as county fixed effects. Standard
errors are clustered at the state level and in parentheses. *, **, and *** denote significance at the 10%,
5%, and 1% levels, respectively.

the five percent level.

In contrast, results in column (2) show that prescription opioid overdoses do not

exhibit significant network effects as the coefficient estimate is statistically and eco-

nomically insignificant. This result reinforces confidence in our research design since

our identification exploits a shock to illicit drug consumption in out-of-state coun-

ties that is potentially propagated through friendship networks. Hence, it would be

counterintuitive if we found sizable network effects for prescription opioid overdoses

despite our identification aiming at illicit opioids.

Finally, columns (3) and (4) show statistically and economically significant net-

work effects for heroin overdoses as well as combined heroin and fentanyl overdoses.

A one-standard-deviation increase in network exposure to out-of-state must-access

PDMPs is related to an increase in heroin (combined heroin and fentanyl) overdoses
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by 0.56 (0.98) deaths per 100,000 residents. The effect size corresponds to 26% (22%)

of the sample average. Moreover, comparing the magnitudes of the coefficients, we

conclude that the total effect documented in column (1) is mainly driven by heroin

and fentanyl overdoses. In summary, these results show that illicit drug consumption

spreads through friendship networks.

To put the friendship network effect in perspective, we compare our estimates of

heroin overdoses to estimates of the 2010 OxyContin reformulation by Alpert et al.

(2018). They find that a one-standard-deviation increase in exposure to the reformula-

tion led to an additional 0.5 heroin deaths in the post-reformulation period, an increase

of 47% relative to the mean. The friendship network effect is comparable in absolute

magnitude (0.56), but slightly smaller relative to the sample mean because our sample

is longer than theirs and heroin overdoses increased substantially over time. In sum-

mary, the friendship network effect is of comparable magnitude as the effects of the

2010 OxyContin reformulation.

The identification assumption in model (3.7) effectively requires that counties with

many connections to states that implement a must-access PDMP would have behaved

like other counties in the same state that have fewer such connections had there been

no expansion of out-of-state must-access PDMPs. To ensure trust in the research de-

sign one could test whether these counties followed similar trends before out-of-state

must-access PDMPs were introduced. However, as states adopt must-access PDMPs

at different points in time, pre-trends are more difficult to test than in the canoni-

cal difference-in-differences setting. We implement a stacked-event-study approach

(Cengiz et al., 2019) and treat each out-of-state must-access PDMP introduction as a

separate event. Specifically, we stack the data for each event and estimate the average
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effect across all out-of-state must-access PDMP introductions as

Deathsijt =
8∑

t=−5
t̸=−1

αt ×
SCIij∑S
g SCIig

× 1(t years from introduction)

+ δXijt + ϕij + γjst + εijt.

(3.8)

In this setting, SCIij is the SCI for county i and the implementing state j. The fraction

SCIij/
∑S

g SCIig thus captures the importance of state j for the friendship network

of county i. The vector Xijt contains the same controls as in model (3.7). However,

the county fixed effects from (3.7) are now replaced by event-by-county fixed effects

(ϕij) and the state-by-year fixed effects by event-by-state-by-year fixed effects (γjst)

to ensure a within-event comparison. Therefore, one can interpret Equation (3.8) as

comparing different overdose measures between counties in the same state that have

strong versus weak social connections to the must-access PDMP implementing state j

and then taking an average over all events.

The coefficients of interest αt are plotted along with 95% confidence bands in Figure

3.3 for our four different overdose measures. Panel A (B, C, D) shows total opioid

overdoses (prescription opioid overdoses, heroin overdoses, and combined heroin and

fentanyl overdoses). Generally, the coefficients illustrated in Figure 3.3 are in line with

the aggregate baseline results provided in Table 3.5.20 Across all panels, we do not

observe evidence of differential pre-trends as the coefficient estimates are close to zero

and statistically insignificant. Therefore, we conclude that network exposure to states

that introduce must-access PDMPs does not affect overdose measures before the policy

is implemented. This observation alleviates potential concerns that counties with more

connections to must-access PDMP-implementing-states are systematically different in

20Panel B shows that there is a temporary but economically small increase in prescription opioid
deaths. As discussed above, this effect can be explained by the fact that the overdose measures indicate
the presence of specific drugs, but are not exclusive to a specific drug when multiple drugs are listed on
the death certificate.
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FIGURE 3.3
Event study specification: Friendship network exposure to out-of-state PDMPs

Notes: The figure illustrates dynamic difference-in-differences coefficients along with 95% confidence
bands using different outcome variables. We consider the friendship network exposure to out-of-state
must-access PDMP introductions. In our sample, we examine 29 staggered adoptions of must-access
PDMPs. The dependent variable in Panel A is total opioid overdose deaths (T40.1-T40.4), Panel B con-
siders prescription opioid deaths (T40.2+T40.3), Panel C focuses on heroin overdose deaths (T40.1), and
Panel D concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). All death counts are
expressed per 100,000 residents. The regressions include event-by-state-by-year and event-by-county
fixed effects. We flexibly control for demographic and local economic conditions as well as the direct
effect of the 2010 OxyContin reformulation by interacting the county-level oxycodone prescription rate
between 2006 and 2009 with a post-2010 dummy. The regressions are population-weighted. Standard
errors are clustered at the state level.

key characteristics that affect overdose measures over time from counties with fewer

such connections.

When out-of-state must-access PDMPs are introduced, we see a small and typically

insignificant change for prescription opioid overdoses, while total opioid overdoses,

heroin overdoses, and combined heroin and fentanyl overdoses significantly diverge,

suggesting that shocks to illicit drug consumption caused by must-access PDMPs are

propagated through friendship networks. Hence, this implies that overdose measures
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in counties with many and few social connections to implementing states were on the

same trend and only diverge after out-of-state must-access PDMPs are implemented,

lending credibility to our identification assumption.

Robustness of Results

Sample restrictions. We only consider out-of-state friendship networks and include

state-by-year fixed effects in our identification to eliminate potential direct effects of

PDMP introductions. Even though we control for state-by-year fixed effects, one con-

cern might be that our friendship network effect at least partly loads on the direct effect

of must-access PDMPs. To mitigate this concern we perform two different tests. First,

we estimate the friendship network effect for counties that never implement a must-

access PDMP during our sample period. Second, we estimate the friendship network

effect by excluding counties from our sample once they enact a must-access PDMP.

Our results remain highly significant and of similar magnitude (see Table B.6 in the

Appendix). A remaining concern could be that counties located in non-implementing

states but adjacent to implementing states see a rise in the quantity of opioids sold

because individuals from implementing states cross the border to obtain easy access.

This could, at least theoretically, bias our friendship network effect. To address this

potential concern, we discard all counties adjacent to or within 100 miles of any state

implementing an out-of-state PDMP. We again find our results to hold (see Table B.7).

Migration. Another concern might be that our friendship network effect is driven by

migration patterns as some counties might experience high migration from PDMP-

implementing-states. Correlation between the SCI and migration rates could bias our

estimates. To test for this possibility, we collect data on county-to-county migration

flows from the IRS SOI Tax Stats and compute the exposure of counties to out-of-state
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PDMPs through migration as PDMP MigExposureit =
∑S

j ̸=s 1(PDMP in state j)t ×

Migrationijt , where Migrationijt is the migration rate from state j to the focal county

i in year t. The sum j runs over all states except county i’s own state. Exposure to

PDMPs through migration is high if many people from PDMP-implementing-states

migrate to the focal county i in year t. To capture migration effects we estimate our

baseline specification defined in Equation (3.7) and include PDMP MigExposureit as

an additional term. The results are presented in Table B.8. Migration from PDMP-

implementing states does not seem to have a strong impact on overdose deaths as the

coefficients on the migration term are rather small in magnitude and insignificant in

three out of four specifications. The friendship network effect of out-of-state PDMPs

becomes even larger in magnitude and fully retains statistical significance. Overall,

our friendship network effect does not seem to be driven by migration patterns.

Matched sample analysis. As a robustness check, we implement a matched sample

analysis to ensure that our results are not driven by systematic differences between

high and low exposure counties. Specifically, for each out-of-state PDMP introduc-

tion, we define treated counties as those with above-average social proximity to the

event. We then match each treated county to a similar control county based on pre-

treatment characteristics, including opioid death rates, unemployment, income, and

prescription levels. We stack all events and reestimate our regressions on the matched

sample. The matching approach is successful in reducing the pre-event differences be-

tween high and low exposure counties with all differences being statistically insignif-

icant (see Table B.9). Figure B.4 shows that the matched-sample event study plots are

quantitatively very similar to our baseline findings.

Additional sensitivity checks. We present further evidence in the Appendix that our
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main results for the friendship network effects of out-of-state PDMPs are consistent

across a wide range of specifications. We check the robustness of our results by im-

plementing the following additional analyses: placebo tests (Figure B.5), controlling

for the dynamic effect of the OxyContin reformulation (Table B.10), trimming the top

5% of the sample based on the respective dependent variable (Table B.11), clustering

standard errors at the county level (Table B.12), giving equal weight to all counties in

our regressions (Table B.13), controlling for DMA-by-year fixed effects (Table B.14) as

well as time-varying effects of income differences (Table B.15), excluding potentially

endogenous control variables (Table B.16), and using alternative PDMP dates from

Horwitz et al. (2021) (Table B.17). We find that our results are robust across these tests.

Additional identification strategy. Finally, in Section B.11 of the Appendix, we pro-

vide evidence from a different identification strategy based on the 2010 OxyContin

reformulation. Consistent with the must-access PDMP results discussed in this sec-

tion, we find that counties having closer ties to other counties more affected by the

2010 OxyContin reformulation experience an adverse impact on total opioid overdose

measures in the post-2010 period.

3.5 Mechanisms and Further Discussion

Our findings indicate that the opioid epidemic spreads through friendship networks.

While the nature of our data limits our ability to pinpoint the exact mechanisms and

channels through which the baseline effect operates, this section provides additional

evidence on the conditions under which spillovers are stronger or weaker. Specifically,

we examine whether spillovers arise from legal or illegal drug use, whether they can

be observed at earlier stages of addiction, whether physical contacts play a role, and
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which factors make counties particularly vulnerable or resilient.

Potential mechanisms. Our results suggest that opioid use can spread via social net-

works. In the early waves of the opioid epidemic, many users started by getting

opioid-based painkiller prescriptions from physicians. In the next step of our analy-

sis we thus want to investigate the role opioid-prescribing physicians play. Therefore,

in our main regression, we replace opioid-related death rates with legal opioid pre-

scriptions. The results are shown in column (1) of Table 3.6. We find no evidence that

legal opioid prescriptions increase if a county has a high network exposure to out-of-

state PDMPs. This suggests that peer influence does not primarily operate through

individuals seeking legal opioid prescriptions from their physicians.

We also test whether spillovers are stronger in counties where many residents al-

ready have experience with legal opioids, making exposure to out-of-state illegal drug

use more likely to fall on fertile ground. Thus, we introduce an interaction between the

dummy variable High Prescriptions 2006—which equals one if a county’s per-capita le-

gal opioid prescribing in 2006 (the year preceding the first PDMP introduction in our

sample) is above the median—and PDMP NetExposure. We then reestimate our

baseline specification from column (1) of Table 3.5. Column (2) of Table 3.6 shows

that spillovers are indeed much stronger to counties with higher initial rates of opioid

prescriptions. This pattern is intuitive: a higher stock of opioid prescriptions implies

a larger pool of individuals with prior exposure to opioids, which can facilitate the

transmission of behaviors through social networks. In other words, demand-side con-

ditions matter, as existing users may be more receptive to information or opportunities

circulating through their social ties.

Next, we analyze whether information about drugs is exchanged without direct

physical contact, or whether in-person meetings, where not only information but also
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drugs themselves can directly be exchanged, might also play a role. To this end, we

define a dummy variable High Interstate that takes on the value one if a county has

an above-median number of direct interstate connections, as a proxy for infrastruc-

tural proximity and ease of travel.21 We relate the interaction of this variable with our

baseline network exposure variable to total opioid death rates. We find a significant

estimate for the interaction effect in column (3) of Table 3.6, while the baseline impact

of PDMP network exposure is reduced by about 50% as compared to our main result

from Table 3.5, i.e., spillover effects are stronger when traveling is easier. This evi-

dence is consistent with remote information transmission not being the only channel

that drives our main results, but physical contacts across county and state borders also

play a role.

Finally, we examine whether supply-side factors facilitate opioid spillovers. Specif-

ically, we test whether counties located in states with “thick markets” for drugs exhibit

stronger friendship network effects. We proxy market thickness by the occurrence of

heroin, fentanyl, or hydrocodone in law enforcement seizures reported by the National

Forensic Laboratory Information System (NFLIS) program. A county is classified as

having a thick market if it is located in a state belonging to the top 25% in per-capita

seizures of illegal opioids in 2007—the earliest year for which seizure data are avail-

able. As shown in the last column of Table 3.6, the estimated effects are indeed stronger

in states with thick markets.22 This finding highlights the importance of supply-side

conditions: when illicit opioids are more readily available, social network connections

are more likely to translate into tangible spillovers.

21We use county-to-county interstate connections provided by Wilson (2022). Alternatively, one could
also look at the distance to airports. However, according to the Bureau of Transportation Statistics, the
overwhelming majority of all long-distance trips are by ground transportation in personal vehicles
(90%) or buses (2%). Moreover, security screenings at airports further reduce the likelihood that drugs
are transported via plane.

22We do not find significant differences when using a median split, suggesting that only the most
supply-intense environments meaningfully amplify peer effects.
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Taken together, these results suggest that both demand- and supply-side factors

interact with social networks to shape the observed spillovers. On the demand-side,

pre-existing exposure to opioids increases susceptibility to peer influences, while on

the supply-side, thicker drug markets enable information flows to translate into actual

exchanges.

Stages of addiction. Our main analysis focuses on death variables, because data on

these outcomes are available at the county-year level. However, death represents only

the ultimate consequence of opioid addiction. To better understand earlier stages of

addiction, we move to the state-year level, where additional data are available to us.

We also aggregate network exposure to PDMPs at the state-level and consider two

sets of outcomes.23 First, we examine Google search volumes for the terms “opioids”,

“fentanyl”, and “heroin”, which capture early information-seeking behavior. Second,

we use data from the National Survey on Drug Use and Health (NSDUH) on illicit

drug use, alcohol use disorder, cocaine consumption, marijuana consumption, and

depressive episodes, which reflect different stages of substance use and associated

mental health conditions. The NSDUH variables are expressed per 100,000 residents.

The results in Table 3.7 suggest that friendship networks matter well before ad-

diction causes deaths: we find positive and significant spillovers on opioid-related

search behavior, illicit drug use, alcohol use disorder, and cocaine consumption. The

effects are particularly strong for marijuana consumption, indicating that peer influ-

ence extends beyond opioids to broader substance (ab)use. We also find an increase

in depressive episodes, highlighting that illicit drug use may exacerbate underlying

mental health vulnerabilities. In summary, these results provide suggestive evidence

that network spillovers are not limited to opioid deaths but manifest at multiple stages

23We compute the average state-level exposure by summing up all county-to-county friendship links.
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TABLE 3.6
Friendship network effect: Potential mechanisms

Opioid
Presc.

Total Opioids
(T40.1-T40.4)

Total Opioids
(T40.1-T40.4)

Total Opioids
(T40.1-T40.4)

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

PDMP NetExposure -0.003 0.673* 0.461 0.285
(0.004) (0.343) (0.407) (0.499)

PDMP NetExposure × High Prescriptions 2006 1.075***
(0.290)

PDMP NetExposure × High Interstate 0.424**
(0.195)

PDMP NetExposure × Thick Markets 1.343*
(0.688)

Dependent Mean 0.74 7.79 7.79 7.79
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 35900 52858 52858 52858
R2 0.956 0.764 0.759 0.760

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetEx-
posure measures the degree to which a county’s out-of-state social network is exposed to must-access
PDMP laws. The dependent variable in specification (1) is opioid prescriptions per capita, while in all
other specifications we examine total opioid overdose deaths (T40.1-T40.4) per 100,000 residents. High
Prescriptions 2006 is a dummy that is equal to one if a county has above-median opioid prescriptions
in 2006. High Interstate is an indicator that is equal to one if its number of county-to-county inter-
state connections is above median. Thick Markets is an indicator that is equal to one if a county is
located in a state with top 25% seizures of illegal fentanyl, heroin, or hydrocodone in 2007. We re-
trieve data on law enforcement seizures from the NFLIS program. We flexibly control for demographic
and local economic conditions as well as the 2010 OxyContin reformulation by interacting the county-
level oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions
are population-weighted and include state-by-year as well as county fixed effects. Standard errors are
clustered at the state level and in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1%
levels, respectively.

of the addiction process.

Protective peer effects. In our baseline findings, friendship network exposure to

PDMPs is associated with higher opioid overdose deaths. At the same time, how-

ever, one might intuitively expect a strong friendship network to make individuals

less vulnerable to opioid abuse. It is important to note that the effects we document

are driven by the structure of geographically distant friendship links and not by the

friendship intensities per se. Thus, we now complement our baseline analyses and
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TABLE 3.7
Friendship network effect: Stages of addiction

Google Search
Opioids

Illicit Drug
Use

Alcohol Use
Disorder

Cocaine
Consumption

Marijuana
Consumption

Depressive
Episodes

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

PDMP NetExposure 0.076** 0.098** 0.093*** 0.046** 0.501*** 0.043*
(0.035) (0.043) (0.035) (0.020) (0.074) (0.024)

Dependent Mean -0.00 1.95 5.42 1.55 5.79 5.30
State FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
N 784 539 784 784 784 686
R2 0.697 0.734 0.851 0.824 0.897 0.730

Notes: The table shows the indirect friendship network effect of must-access PDMPs for selected stages
of addiction. PDMP NetExposure measures the degree to which a state’s social network is exposed to
other states’ must-access PDMP laws. The dependent variable in specification (1) is the Google search
volume of the terms “fentanyl”, “heroin”, and “opioids”. In all other specifications, we consider vari-
ables from the NSDUH survey. We control for state-level economic conditions, PDMP introductions,
and the 2010 OxyContin reformulation. The regressions include state and year fixed effects. Standard
errors are clustered at the state level and in parentheses. *, **, and *** denote significance at the 10%,
5%, and 1% levels, respectively.

examine protective peer effects by studying whether characteristics of local within-

county friendship links affect our results.

We first hypothesize that the influence of shocks to illicit drug consumption coming

from non-local friendship networks would be lower in counties where local friendship

networks are stronger. Apart from the strength of local networks, the characteris-

tics of within-county friendship links might also affect our baseline results. In recent

contributions, Chetty et al. (2022a,b) examine various characteristics of local (within-

county) friendship networks, including, among others, network density, civic engage-

ment, and economic connectedness as proxies for local social capital. For example,

they show that economic connectedness, defined as the share of high-socioeconomic-

status (SES) friends among individuals with low SES, is a strong predictor of upward

income mobility. Thus, if many within-county friendship links bridge socioeconomic

groups, individuals may be less vulnerable to substance abuse because they have bet-

ter economic prospects, irrespective of their out-of-county friendship network exposure

to illicit drug usage. Likewise, if social cohesion or civic engagement is high within a
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county, friendship relationships within the county might also be more intense, making

it less likely that outside friends affect beliefs and behaviors.

Following this logic, we use within-county connections from the SCI dataset and

data provided by Chetty et al. (2022a) to study four different dimensions of within-

county friendship networks: (1) within-county connectedness, (2) network density, (3)

civic culture, and (4) economic connectedness.24 Specifically, we interact our network

exposure variable with dummies indicating above-median values for the respective

proxy. We focus on death rates related to those drug categories for which we expected

and did find strong spillover effects, i.e., total opioid overdoses, heroin overdoses, and

fentanyl overdoses in this section. Table 3.8 presents the results.

We find that high within-county connectedness mitigates the friendship network

effect. With the exception of the high civic culture proxy for local social capital in

column (3), we almost always find statistically significant negative interaction terms.

This finding is consistent with high social capital (as proxied by characteristics of the

local network) protecting counties from the adverse effect of being exposed to positive

shocks to out-of-state drug consumption due to the introduction of PDMPs. The eco-

nomic magnitudes are meaningful: the interaction terms are most of the time similar

in magnitude but of opposite sign to the baseline effect of PDMP network exposure,

suggesting that counties with above-median values with respect to the respective so-

cial capital dimension (with the exception of civic culture) are completely protected

from the negative external influences we document above. Overall, we find evidence

in favor of the view that counties with high within-county connectedness and more co-

hesive local friendship networks experience muted increases in overdose deaths com-

24Within-county connectedness is the ratio of within-county connections to out-of-county connec-
tions. Network density is the average fraction of an individual’s friend pairs who are also friends with
each other. Civic culture is measured by the fraction of Facebook users who are members of activist
groups on Facebook. Economic connectedness is the share of high-SES friends among individuals with
low SES. A technical description of these variables can be found in Table B.18 of Appendix B.10.
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TABLE 3.8
Cross-sectional heterogeneity by local friendship network characteristics

High Within-County
Connectedness

High Network
Density

High Civic
Culture

High Economic
Connectedness

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

DV: Total Opioid Overdoses (T40.1-T40.4)
PDMP NetExposure 0.797** 0.795* 0.947** 1.141***

(0.394) (0.401) (0.419) (0.411)
PDMP NetExposure × Variable -0.970*** -1.454*** -0.175 -0.941**

(0.355) (0.318) (0.380) (0.414)

DV: Heroin Overdoses (T40.1)
PDMP NetExposure 0.491*** 0.485*** 0.579*** 0.611***

(0.172) (0.171) (0.176) (0.179)
PDMP NetExposure × Variable -0.245 -0.467*** -0.101 -0.253*

(0.155) (0.141) (0.147) (0.146)

DV: Heroin+Fentanyl Overdoses (T40.1+T40.4)
PDMP NetExposure 0.813** 0.838** 0.997** 1.180***

(0.353) (0.358) (0.378) (0.371)
PDMP NetExposure × Variable -1.036*** -1.407*** -0.147 -0.878*

(0.304) (0.252) (0.365) (0.449)

Notes: The table documents the cross-sectional heterogeneity of the friendship network effect for the
out-of-state PDMP introductions. PDMP NetExposure measures the degree to which a county’s social
network is exposed to out-of-state PDMP introductions. PDMP NetExposure × Variable shows the
cross-sectional variation of the baseline effect with respect to the column variables. A detailed descrip-
tion of the interaction variables can be found in Table B.18 of Appendix B.10. The dependent variables
are expressed per 100,000 residents. Standard errors are clustered at the state level and in parentheses.
Control variables and fixed effects are as in Table 3.5. *, **, and *** denote significance at the 10%, 5%,
and 1% levels, respectively.

pared to other counties. One implication of our findings is that counties at risk could

try to promote economic and social cohesion to mitigate, among other things, negative

spillovers from friendship network exposure to illegal drug consumption elsewhere.

3.6 Conclusion

Over the last 20 years, the U.S. has experienced a pronounced opioid epidemic, but the

overall dynamics of this crisis are still not well understood. In this paper, we analyze

the role of social connections in shaping the spatial dynamics of this epidemic. We

first show that counties with more social ties to areas severely affected by the opioid

epidemic have higher overdose deaths in subsequent years. To address identification
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concerns, we employ spatial shocks to illegal drug consumption and then study how

these shocks propagate through friendship networks to distant counties. Having more

connections to counties in states with must-access PDMPs results in higher overdose

death rates, especially from heroin and fentanyl.

Our analysis of potential mechanisms highlights that spillovers are stronger in

counties with high baseline opioid prescriptions, dense interstate connections, and

“thick markets” for illicit opioids, suggesting that both demand- and supply-side con-

ditions interact with social networks. We also find that friendship networks affect

proxies for earlier stages of addiction and mental health outcomes. Finally, we show

that local social capital, as measured by the density and structure of within-county so-

cial networks, attenuates these spillovers, also suggesting a bright side of social con-

nections in this context.

At a general level, we provide novel evidence on the effect of friendship networks

on the spread of non-infectious diseases in the U.S.
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Abstract

Stock-market-based measures of innovation have been widely used in recent
years in studies published in leading economics, finance, and management
journals. In this paper, we examine the most popular patent valuation mea-
sure developed by Kogan et al. (2017). We document that 80% of all patents
are granted together with other patents to the same firm on the same day
(patent bundling). We show that the correlation between estimated patent
values and forward citations is affected by bundle-size effects but is largely
insensitive to stock-market returns around patent issue dates. Similarly, the
positive correlation between the estimated value of innovation and future
firm growth is not primarily driven by return information but rather, to a
large extent, by market-to-book effects. We develop a theoretical framework
that incorporates patent bundling and demonstrate that stock returns can
only be informative about the economic value of patents when the number of
granted patents deviates from market expectations. Empirically, this seems
to be the case for a small subset of large surprise patent grants.
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4.1 Introduction

Innovation is a key driver of economic growth and central to many research ques-

tions in economics, finance, and management. To measure innovation, researchers

have commonly used variables derived from patenting activity, such as the (citation-

weighted) number of patents (Hall et al., 2005). More recently, stock-market-based

measures of innovation have received considerable attention, as they promise to cap-

ture the economic value of an innovation by exploiting stock price movements around

patent grants. A very influential approach to measure the economic value of patents

has been developed by Kogan, Papanikolaou, Seru, and Stoffman (2017) (hereafter

KPSS). To date, this study has been cited over 2,600 times, and KPSS patent values

have been used in numerous articles published in leading economics, finance, and

management journals, including The American Economic Review, the Journal of Financial

Economics, The Review of Financial Studies, and Management Science.

In this study, we first document that most patents are granted together with other

patents of the same firm on the same day, so-called patent bundles. KPSS adjust for

patent bundles on an ad-hoc basis and compute the economic value of an individual

patent by dividing the overall economic value measured on a patent grant day by the

number of granted patents.

Our analysis shows that the KPSS methodology leads to bundle size being an

important variable driving the economic value of individual patents. We show that

the correlation between estimated patent values and forward citations is affected by

bundle-size effects but is largely insensitive to stock-market returns around patent is-

sue dates. Furthermore, our analysis indicates that firm-level correlations between

innovation and growth seem to be primarily driven by structural factors rather than

by issue-day returns.
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To better understand these findings, we develop a generalized theoretical frame-

work based on the approach of KPSS. Unlike KPSS, who treat every patent grant as a

positive surprise, we explicitly model the impact of bundle-size surprises. According

to our theory, stock-market reactions to patent grants are informative only when the

number of patents granted comes as a surprise to the market. We empirically demon-

strate that stock-market reactions to patent grants can only be informative for a small

subset of patents with large bundle-size surprises. However, we also present sug-

gestive evidence that signal-to-noise ratios are unfavorable even in the case of large

unexpected bundle sizes.

The United States Patent and Trademark Office (USPTO) publishes accepted patents

in its Official Gazette every Tuesday, with no patent announcements on other days. We

first document that this institutional feature leads to patent bundling, meaning that

multiple patents are issued to the same firm on an issuance day. In Panel A of Figure

4.1, we observe that the total number of patents issued by the USPTO within a year

has increased sharply over time. In recent years, more than 60,000 patents have been

granted to public firms each year. Similarly, the average bundle size at the firm level

has increased over time, almost in parallel with aggregate patenting activity. Notably,

the average bundle size was already close to 10 at the beginning of our sample in the

1920s and then increased to over 30 in 2010. This suggests that patent bundling has

been important over the last century and has become more pronounced over time.

Overall, more than 80% of all patents issued between 1926 and 2010 were granted as

part of bundles.

Given the high prevalence of patent bundling, we analyze the impact of patent

bundling on the KPSS economic value of patents. Patent bundling is potentially im-

portant for estimating the economic value of patents for several reasons. First, the val-

uation of individual patents becomes significantly more complicated when they are
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FIGURE 4.1
Patent bundling and KPSS patent values

Notes: Panel A illustrates the aggregate patenting activity between 1926 and 2010. The solid line plots
the total number of granted patents by year, while the dashed line shows the average bundle size by
year. The bundle size is defined as the number of patents issued to a firm on a given date. Panel B
presents a binned scatterplot using log(bundle size) to form 100 equally sized bins. log(KPSS patent
value) refers to the log of the KPSS patent value. The mean of the x-axis and y-axis variables within
each bin is computed, and the 100 data points are illustrated in a scatterplot. We control for market
capitalization, idiosyncratic volatility, and grant-year indicators to isolate the partial effect of bundle
size. Both plots are based on 1,801,879 patents issued between 1926 and 2010.

released as part of a patent bundle by the same firm, because economists only observe

the combined market response at the bundle level. Thus, we can only estimate the av-

erage value of a patent within a bundle unless we make the restrictive assumption that

all patents within a bundle are of equal value. Second, patent bundling introduces the

possibility of negative surprises on the issue day, when the realized number of patents

is lower than the expected number of patents. In contrast, in the absence of patent

bundling, i.e., when a firm can have either zero or one patent granted per issue day,

there are only non-negative surprises on patent issue days.

To estimate the dollar value of a patent, KPSS first measure stock price movements

within a three-day window around patent-issuance days. Next, they separate the part

of the return that relates to the patent from any background noise by employing a
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return decomposition. Then, the patent-related return is multiplied by the market

capitalization on the day prior to the issuance to obtain a dollar value. Finally, this

dollar value is adjusted for the expected grant probability and divided by the bundle

size. The latter can lead to a mechanical relationship between patent values and bun-

dle size. In Panel B of Figure 4.1, we illustrate the relationship between KPSS patent

values and bundle size using a binned scatterplot. In the plot, we control for market

capitalization, idiosyncratic volatility, and grant-year indicators to isolate the partial

effect of bundle size, while allowing issue-day returns to perturb the relation. We find

that a 1% increase in bundle size is precisely associated with a 1% decrease in KPSS

patent value. More interestingly, bundle size appears to explain a large fraction of the

variation in KPSS patent values, as the data points are almost perfectly aligned, and

issue-day returns do not seem to meaningfully affect patent values, as there is little

variation around the fitted regression line.

As a litmus test of their measure, KPSS demonstrate a strong correlation between

the economic and scientific value of patents, with the latter measured using forward

citations. To isolate return-induced effects in this correlation, KPSS attempt to control

for all variables that mechanically affect their patent-value estimates except for issue-

day returns. However, they omit to control for bundle size. We first replicate the KPSS

findings and then show that the correlation between the economic and scientific value

of patents declines by more than 95% when we additionally control for bundle size

in the regressions. In contrast, controlling only for issue-day returns has virtually no

effect on the correlation, which is inconsistent with the idea that return information

embedded in KPSS patent values is the primary driver of their positive correlation

with forward citations.

We further examine the KPSS patent-value estimates through a series of placebo

tests. In each test, we construct placebo patent values and compute their correlation
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with forward citations over 500 repetitions. In the first placebo test, we follow the

KPSS procedure by assigning each patent a random placebo issue date within the same

calendar year in which the patent was granted to the firm. Importantly, the original

patent bundles are dissolved, and new bundles are formed based on the distribution

of the placebo grant dates. Placebo economic values are then calculated using the

stock return over a three-day window around the placebo grant date and the market

capitalization on the day prior to that date. The results closely mirror those in KPSS:

the distribution of placebo correlations lies significantly to the left of the correlation

obtained using the true patent values.

In the second placebo test, we introduce a small but important change by requiring

that patents from the same bundle are not split across different placebo issue dates.

More specifically, we randomly draw issue dates within the same year of patent is-

suance for each patent bundle. The only difference from the first placebo test is that

we assign the same placebo issue date to all patents within the same bundle. All other

aspects remain identical to the KPSS placebo test. We now find that the correlation

between the scientific value of patents and the estimated economic value of patents is

indistinguishable from the placebo correlations.

To provide further evidence in this direction, we conduct a third placebo test in

which we do not draw placebo issue dates. Instead, we directly assign placebo returns

drawn from a normal distribution that matches the empirical distribution of returns

around actual issue dates. As in the previous placebo test, we do not split up patent

bundles. We find that the correlation between the scientific value of patents and their

estimated economic value is indistinguishable from the correlations observed in the

placebo tests.

Overall, the placebo tests show that bundle-size effects rather than issue-day re-

turns are largely responsible for the observed correlation between forward citations

98



CHAPTER 4. PATENT GRANT BUNDLES 99

and the KPSS patent-value estimates—contrary to what one might expect from a mea-

sure specifically designed to capture information revealed through stock returns at the

time of patent grants.5

We will later show that this finding might reflect that many patent bundles do

not come as a surprise to market participants, which is also consistent with the rel-

atively low signal-to-noise ratio of 0.0145 reported by KPSS. In a simulation study,

we demonstrate that low signal-to-noise ratios can significantly impair the quality of

patent-value estimates.

Consistent with models of endogenous growth, KPSS provide evidence that firm-

level innovation—defined as the sum of all individual patent values within a given

year, scaled by book assets—predicts future firm outcomes. For instance, they show

that this measure is informative about future firm performance, which aligns with eco-

nomic intuition. We investigate why KPSS obtain economically meaningful results at

the firm-year level, even though individual patent values appear to be largely affected

by bundle-size effects and contain little information from stock returns. At the firm

level, it seems unlikely that bundle-size effects are the main driver of the results, as

these effects are largely washed out at the firm level. Instead, we present suggestive

evidence that the predictive power of the KPSS firm-level measure might be caused

by market-to-book effects. This arises because individual patent values use the firm’s

market capitalization on the day prior to the patent’s issue date. As a result, when

these values are aggregated and scaled by book assets, the firm-level innovation mea-

sure becomes mechanically related to the market-to-book ratio, which in itself might

be interpreted as a measure that also proxies for the innovation potential of a firm.

5It is generally difficult to externally validate whether the true economic value of patents is correlated
with their scientific value, as measured by forward citations, because the former is largely unobserved
and only available for a highly selected sample of patents. Nevertheless, prior studies document a
positive and statistically significant relationship (Harhoff et al., 1999, Moser et al., 2011, Abrams et al.,
2018).
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To assess whether information from stock returns drives the KPSS firm-level re-

sults, we replicate the three placebo tests described above, but now aggregate the

placebo patent values at the firm-year level to construct the KPSS firm-level innova-

tion measure. Although the placebo patent values do not incorporate stock return

information around patent issuance—and therefore do not represent meaningful esti-

mates of patent value—they do include firm market capitalization as a scaling factor.

Consequently, if issue-day returns are driving the results, we would expect to observe

no relationship with future firm performance when using the placebo-based firm-level

innovation measures. Conversely, if a relationship does emerge, it is likely at least par-

tially attributable to market-to-book effects rather than innovation value based on eco-

nomic patent values. We find sensitivities in our placebo tests that are similar to those

reported by KPSS. In additional analyses, we replace the KPSS firm-level innovation

measure with the firm’s market-to-book ratio and obtain similarly strong predictive

power. We also find comparable sensitivities when examining market-to-book effects

in a sample of firms that have never obtained a patent.

Overall, our findings suggest that stock-market reactions around patent-issuance

dates contain little information about the economic value of most patents. Finally, we

extend the basic KPSS framework by incorporating patent bundling. In our model,

stock price movements convey information about the economic value of patents only

when the realized bundle size deviates from the expected bundle size. We can demon-

strate that stock-market reactions to patent grants are informative about forward cita-

tions only for a small subset of patents. Unfortunately, we also find empirical evidence

that idiosyncratic volatility increases with the magnitude of the bundle-size surprise,

thereby suppressing the signal-to-noise ratio—even for large-surprise bundles. Specif-

ically, when we unconditionally sort issue days into quartiles based on bundle-size

surprise and idiosyncratic volatility, we find that the high-surprise-low-volatility cell ac-
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counts for only 1% of all patents, making reliable statistical inference in this subset

particularly difficult.

We believe that our findings contribute to the broader literature on innovation in

economics, finance, and management for two main reasons. First, we add to the body

of work examining how innovation affects stock-market outcomes. Over the past

decades, numerous studies have explored this relationship (e.g., Pakes, 1985, Austin,

1993, Hall et al., 2005, Nicholas, 2008, Kogan et al., 2017, Chen et al., 2019). In contrast

to these studies, we analyze the stock-market effects of innovation across all industries

and focus specifically on the role of patent bundling in shaping market-based mea-

sures of innovation value. To the best of our knowledge, we are the first to document

the importance of patent bundling and to demonstrate its implications for interpreting

stock-market reactions to innovation.

Second, we provide important insights for researchers studying the effects of inno-

vation and the impact of firm policy or regulation on innovation, as our findings sug-

gest that stock-market reactions to patent grants tend to carry little information about

the economic value of most patents. Our results are consistent with the view that stock

markets price their expectation of firms’ innovation activity—but these pricing effects

are not driven by patent announcement returns.

The remainder of this article is structured as follows. Section 4.2 presents the con-

ceptual framework and summary statistics. We document our main results in Section

4.3. Then, Section 4.4 provides suggestive evidence regarding stock-market reactions

to patent issuance for surprise bundles. Concluding remarks are discussed in Section

4.5.
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4.2 Conceptual Framework

4.2.1 Data and Descriptive Evidence

We combine data from three distinct sources. Our primary dataset is the comprehen-

sive patent repository provided by KPSS, using the replication package accompany-

ing their publication. This dataset includes 1,801,879 patents granted to publicly listed

firms between 1926 and 2010. For each patent, it provides detailed information such

as the permno of the assignee, forward citations, filing and issue dates, technology

class, and all variables required to construct the KPSS stock-market-based measure

of innovation—namely, market capitalization, firm volatility, and issue-day stock re-

turns. We supplement the KPSS data with (i) additional information on the patent

review process from the USPTO’s Patent Examination Research (PatEx) dataset, and

(ii) firm-level accounting and stock market data from CRSP/Compustat.

To illustrate the importance of patent bundling for our sample, Figure 4.2 plots

the relative frequency of bundle sizes across firm-issue-day-events in Panel A and the

distribution of the total number of patents by bundle size in Panel B, respectively.

Even though more than 55% of issue-day events are single issuances (Panel A), we

observe that more than 80% of the patents granted between 1926 and 2010 are issued

in bundles (Panel B). Thus, patent bundles are of first-order importance.

In the Appendix C.1, we explore different mechanisms that lead to patents being

issued in bundles. Figure C.1 illustrates that patents issued in bundles are generally

examined by different examiners and art units. In addition, Figure C.2 documents a

significant dispersion of filing dates within a patent bundle. That is, patents issued

within a bundle tend to be filed over several months. In particular, the average length

of the filing period within a patent bundle is relatively long, ranging from 1.5 years
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FIGURE 4.2
Importance of patent bundling

Notes: The figure illustrates the importance of patent bundles. Panel A plots the relative frequency of
bundle sizes across firm-level issue-day events. Panel B shows the distribution of patents by bundle
size. Bundle size is defined as the number of patents issued to the same firm at the same date. The plots
are based on 1,801,879 patents issued between 1926 and 2010.

(for bundle size N = 2) to almost six years (for bundle size N = 50). These facts are

consistent with the view that patent bundling does not seem to be driven by strategic

firm behavior such as slicing and dicing innovation, but rather by an institutional fea-

ture, as the USPTO publishes newly granted patents only once a week, on so-called

Patent Tuesdays, in its Official Gazette.

4.2.2 Patent Valuation with Bundles

In this section, we develop a generalized methodological approach to evaluate the

economic value of patents based on stock-market reactions. We show that our general

approach converges to the KPSS approach under a set of restrictive assumptions. We

denote the number of decisions on patent applications filed by firm i that are made

on day t as Dit. For k = 1, . . . , Dit, the dollar value of patent k is denoted by ξk and
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we introduce Ik as a successful application indicator that is equal to one if patent k is

granted and zero otherwise. With this notation, the bundle size Nit, i.e., the number of

patents granted to firm i on day t, can be calculated as

Nit =

Dit∑
k=1

Ik. (4.1)

We investigate the market reaction during the event window [t−, t+], which con-

tains a single granting day t. πk denotes the market’s ex ante probability assessment

that patent k is granted at time t−, i.e., πk = Pt−(Ik = 1). An important assumption

of the methodology developed by KPSS is that the granting decisions at time t do not

reveal any additional information about the economic value of the patents filed by

firm i and that they do not convey new information about the granting probabilities

of patents with decisions at later granting days. In line with this approach, we impose

the following assumption:

Assumption 1 The economic values of all patents filed by firm i are known to the market at

time t−. The granting decisions at time t do not reveal new information about patents with

decisions at a later date.

If market participants could observe all patent decisions at time t, the correspond-

ing change in market value during the event window would be given by

∆V ∗
it =

Dit∑
k=1

(Ik − πk) · ξk. (4.2)

This expression generalizes Equation (1) from KPSS to the case with multiple granting

decisions on the same day. Furthermore, Equation (4.2) allows for patent rejections,

whereas KPSS focus on positive granting decisions. Since we only observe a com-

mon market reaction to all decisions at time t, we impose the following homogeneity
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assumption:

Assumption 2 πk = πit and ξk = ξit for all k = 1, . . . , Dit, i.e., the ex ante granting prob-

abilities and the economic values of all patents filed by firm i with a decision at time t are

identical.

Consistent with Assumption 2, KPSS impose the same ex ante granting probability

of 0.56 for all patents in their sample. Furthermore, they implicitly assume that the

economic value for all patents in a given bundle is identical.

Our next assumption captures the institutional setting in which market partici-

pants only observe positive granting decisions at time t, but do not immediately learn

about negative decisions by the USPTO.

Assumption 3 Market participants observe positive granting decisions by time t+, but do

not observe the total number of decisions Dit.

Without information on the exact number of decisions or, equivalently, the number

of rejected patents at time t, market participants will form expectations based on the

relevant probability distributions and the newly observed information. Under the ho-

mogeneity Assumption 2, the bundle sizeNit fully summarizes the new patent-related

information that becomes available at time t. The following proposition summarizes

the implications of the given assumptions on the change in the market value of a firm

due to bundled patenting decisions. Consistent with KPSS, the market reaction is writ-

ten as vit ·Mit− , where vit denotes the patent-related stock return andMit− corresponds

to the market capitalization of firm i at time t−.

Proposition 1 Suppose that Assumptions 1-3 hold. Then the change in the market value of

firm i due to patent decisions at time t is given by

vit ·Mit− = Nit · (1− πit) · ξit − Et+ [Dit −Nit | Nit] · πit · ξit. (4.3)
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Proof: See Appendix C.6.

Since Nit is the number of patents granted and Dit − Nit is the number of rejected

applications at time t, the corresponding two terms on the right-hand side of Equa-

tion (4.3) capture the market impact of positive and negative patent decisions, respec-

tively. Note that the structure in KPSS can be obtained as a special case from our

result in Equation (4.3) if the market expects that all patents filed by firm i with a

decision at time t are accepted. Formally, the result used by KPSS is obtained for

Et+ [Dit −Nit | Nit] = 0, which implies

vit ·Mit− = Nit · (1− πit) · ξit. (4.4)

While the assumption that there are no simultaneous rejections on a given day is likely

to be a good approximation when a single patent or a small bundle is granted, it might

be less suitable when a large number of positive granting decisions is observed. Note

that the result in Equation (4.4) can also be derived under the alternative assumptions

that the ex ante granting probabilities or the economic values of rejected patents are

zero.6

Next, we will impose additional distributional assumptions that allow us to calcu-

late the conditional expectation in Equation (4.3).

Assumption 4 The granting decision indicators Ik for the patents filed by firm i with a deci-

sion at time t are mutually independent and independent of Dit.

Assumption 5 The number of decisions Dit follows a Poisson distribution with intensity

parameter λd.

6These alternative explanations seem less plausible as firms are not likely to file applications for
worthless patents. Nevertheless, systematically lower ex ante values or granting probabilities cannot
be ruled out and would reduce potential differences between the results in Proposition 1 and Equa-
tion (4.4).
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Under these additional assumptions, we can exploit the representation of the bun-

dle size from Equation (4.1) to derive the following result.

Proposition 2 Suppose that Assumptions 1-5 are satisfied. Then, the bundle size Nit follows

a Poisson distribution with intensity parameter λg = πit · λd and it holds that

vit ·Mit− = (Nit − Et− [Nit]) · (1− πit) · ξit. (4.5)

Proof: See Appendix C.6.

According to Proposition 2, the market reaction to patent granting decisions is de-

termined by the surprise in the bundle size, i.e., the difference between the realized

number of patents granted on a given day and its expectation. If there is no surprise in

the bundle size, Equation (4.5) implies that the effect of the granting decisions on the

market value of the firm is zero, i.e., vit = 0, irrespective of the actual patent value ξit.

A positive market reaction is only obtained if the surprise is positive (Nit > Et− [Nit]),

whereas the market value of the firm decreases if the bundle size is lower than ex-

pected (Nit < Et− [Nit]).

By rearranging Equation (4.5), it follows that

ξbundleit =
vit ·Mit−

(1− πit) · (Nit − Et− [Nit])
. (4.6)

In contrast, Equation (4.4) implies

ξKPSSit =
vit ·Mit−

(1− πit) ·Nit

, (4.7)

which is consistent with Equation (3) in KPSS.7 A comparison of Equations (4.6) and (4.7)

7Note that KPSS additionally replace the unobserved vit with its conditional expectation E[vit | Rit].
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shows that

ξKPSSit =
Nit − Et− [Nit]

Nit

· ξbundleit . (4.8)

If the expected bundle size is close to zero, the difference between ξKPSSit and ξbundleit will

thus be small. However, our descriptive evidence from Figure 4.2 strongly suggests

that the expected bundle size should typically be larger than zero. In this case, there

can be substantial differences in implied patent values according to Equations (4.6)

and (4.7) resulting from the use of the actual bundle size instead of the surprise size.

In particular, this difference can generate the strong linear relationship between the

log bundle size and the implied patent values that we empirically found in Panel B of

Figure 4.1.

4.3 Implications of Bundle Size for Patent Valuation

In this section, we empirically examine the impact of patent bundling on patent valua-

tion in greater detail. To demonstrate that their measure of economic patent value cap-

tures meaningful information, KPSS first analyze its correlation with forward citations—

a widely used proxy for patent quality—and report a significant positive relationship.

Second, they aggregate individual patent values at the firm-year level and show that

their measure is predictive of future firm growth. Our subsequent analysis revisits

both aspects of their approach, with a particular focus on the role of patent bundling.

4.3.1 Patent-Level Evidence

Regression Evidence. We first analyze the correlation between KPSS patent values

and forward citations while explicitly controlling for bundle-size effects. To this end,
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we follow KPSS and estimate regressions of the following form:

log ξj = a+ b log(1 + Cj) + cZj + uj, (4.9)

where ξj is the economic value of patents as estimated by KPSS and Cj are forward

citations. Note that the indicator j is borrowed from KPSS notation and denotes indi-

vidual patents. Zj is a vector that holds, depending on the specification, different sets

of control variables. The idea is to isolate the return-induced variation in patent val-

ues and analyze whether it is correlated with forward citations. Thus, KPSS include

firms’ log market capitalization (on the day prior to the patent issuance) and log id-

iosyncratic volatility as both mechanically affect their patent-value estimate and could

be correlated with forward citations. However, KPSS do not control for bundle-size

effects when estimating the correlation between patent values and forward citations.

To facilitate a clean analysis and control for bundle-size effects, we propose two

different analyses: (i) we estimate Equation (4.9) for a subsample of single-issuance

patents, i.e., patents that were not granted as part of a bundle, and (ii) we explicitly

include log bundle size log(Nj) in Zj . Additionally, Zj may hold technology class-year

fixed effects to control for time-varying technology effects and firm (-by-year) fixed

effects to control for unobserved (time-varying) firm heterogeneity. As in KPSS, all

variables are winsorized at the 1% level using annual breakpoints.

Table 4.1 presents our results. In Panel A, we first replicate Table II from KPSS to

ensure that we are using the same sample and methodology. Our results show that this

is indeed the case as we obtain the same point estimates. Overall, Panel A suggests

that the economic value of patents is significantly correlated with forward citations,

irrespective of whether we control for firm size, idiosyncratic volatility, or different

sets of fixed effects including technology class-year fixed effects, firm fixed effects, or

firm-by-year fixed effects.
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TABLE 4.1
Correlation of KPSS values and forward citations

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

Panel A: KPSS replication
log(1 + Cj) 0.1736 0.0991 0.0544 0.0130 0.0038

(10.08) (9.52) (10.36) (14.17) (5.37)

Obs. 1,799,199 1,799,199 1,799,199 1,798,080 1,782,161
R2 0.0072 0.6341 0.7371 0.5069 0.1294
Controls
Firm Size No Yes Yes Yes Yes
Vola No No Yes Yes No
Fixed Effects C × T C × T C × T C × T C × T

F F × T

Panel B: Bundle size = 1
log(1 + Cj) 0.0113 0.0192 -0.0000 0.0002 -0.0000

(1.83) (7.39) (-0.25) (1.25) (-0.03)

Obs. 331,604 331,604 331,604 330,466 313,048
R2 0.0000 0.9608 0.9974 0.9858 0.9221
Controls
Firm Size No Yes Yes Yes Yes
Vola No No Yes Yes No

Panel C: Controlling for bundle size
log(1 + Cj) 0.1489 0.0161 0.0012 0.0006 0.0002

(10.50) (7.86) (8.46) (4.76) (2.70)

Obs. 1,799,199 1,799,199 1,799,199 1,798,080 1,782,161
R2 0.0707 0.9740 0.9959 0.9826 0.9747
Controls
Bundle Size Yes Yes Yes Yes Yes
Firm Size No Yes Yes Yes Yes
Vola No No Yes Yes No

Panel D: Controlling for returns
log(1 + Cj) 0.1735 0.0990 0.0543 0.0129 0.0038

(10.07) (9.51) (10.36) (14.21) (5.43)

Obs. 1,799,199 1,799,199 1,799,199 1,798,080 1,782,161
R2 0.0077 0.6346 0.7379 0.5102 0.1384
Controls
Returns Yes Yes Yes Yes Yes
Firm Size No Yes Yes Yes Yes
Vola No No Yes Yes No

Notes: The table shows the correlation between KPSS patent values log(ξj) and forward citations log(1+
Cj). Panel A replicates the KPSS results. Panel B restricts the sample to single-issuance patents, while
Panel C always controls for log bundle size log(Nj) in all specifications. In Panel D, we control for
log(1 + Rj). Depending on the specification, we also include the firm’s log idiosyncratic volatility
log(σεj); firm size, measured as market capitalization on the day prior to the patent issue date log(Mj);
CPC three-digit technology classification classes interacted with grant year fixed effects CxT; firm fixed
effects F; firm interacted with grant year fixed effects FxT. We cluster standard errors by the patent
grant year and report t-statistics in parentheses. All variables are winsorized at the 1% level using
annual breakpoints.
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However, the economic value of patents, as estimated by KPSS, is mechanically

affected by the bundle size, which is not accounted for in Panel A. As Panel B of Figure

4.1 shows, there is a strong negative (and almost deterministic) relationship between

KPSS patent values and bundle size. Moreover, in Table C.1 of the Appendix, we show

that there is a negative and statistically significant correlation between citation-based

measures of patent quality and bundle size. Therefore, not controlling for bundle size

could lead to biased estimates.

To rule out confounding bundle-size effects, we next estimate the correlation be-

tween KPSS patent values and forward citations using a sample of patents that all have

a bundle size of one. KPSS state that their method uses filtered stock-market returns

during a three-day event window around the patent grant to estimate the economic

value of patents. In the following, we therefore focus on columns (3) to (5), as these

specifications control for all other factors that also mechanically affect the KPSS patent

value, except for the filtered stock return, which is the primary source of information

that KPSS aim to capture. The results are shown in Panel B. In contrast to KPSS, we

now find a much weaker correlation between economic value and forward citations.

In fact, controlling for all the mechanical components of the KPSS formula, i.e., market

capitalization and idiosyncratic volatility, the economic value of patents and forward

citations appear to be uncorrelated (see column (3) of Panel B). The point estimates are

not only statistically insignificant, but also close to zero in economic terms.

Although focusing on single-issuance patents provides a clean way to control for

bundle-size effects, one could argue that single-issuance patents are fundamentally

different from other patents in ways that could affect the correlation between patent

values and forward citations. Therefore, we also estimate Equation (4.9) while ex-

plicitly including log bundle size log(Nj) in the vector of control variables Zj . Panel

C shows the results. When controlling for all mechanical components of the KPSS
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formula, the correlation between patent values and forward citations decreases. For

example, the point estimate in column (3) of Panel C is 0.0012, while the baseline KPSS

correlation is 0.0544. Thus, simply controlling for mechanical bundle-size effects re-

duces the correlation between KPSS patent values and forward citations by 97.8%. The

remaining columns show similar effects. Although statistically significant, we argue

that these correlations are economically small.8

To complement these results, we estimate the same regressions as in Panel C, but

now control for issue-day returns log(1 + Rj) instead of bundle size. If stock returns

were the primary source of information driving the correlation between KPSS patent

values and forward citations, we would expect this correlation to decline significantly

once returns are accounted for. However, as shown in Panel D, this is not the case.

Controlling for issue-day returns has virtually no effect on the correlation. Overall, we

conclude that the positive and statistically significant correlation between KPSS patent

values and forward citations is largely driven by mechanical bundle-size effects, rather

than by stock returns on the issue date.

Placebo Tests. KPSS test the validity of their approach in a placebo experiment and

find that the relationship between the value of a given patent and the number of cita-

tions that patent receives in the future is not spurious. For each patent in the sample,

they generate a random grant date within the same year that the patent was granted

to the firm and reconstruct the patent value using the placebo grant date. Thus, they

effectively draw from the firm-year-specific joint distribution of market capitalization

8In additional tests, we document that the statistical significance of the point estimates appears to
be driven by the upper tail of the patent value distribution. To be as close as possible to the KPSS
approach, we also winsorize all variables at the 1% level using annual breakpoints. As shown in Panel
C of Table 4.1, the point estimates are still statistically significant when we treat extreme values in this
way. However, we obtain statistically insignificant point estimates when we (i) do not winsorize, (ii)
winsorize at the 1% level without annual breakpoints, and (iii) trim the sample based on the 1% extreme
observations of the patent value distribution.
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TABLE 4.2
Description of placebo tests

Name of Placebo Test Description

Placebo I / KPSS Placebo

1) Assign new issue date within the same year as the grant year to each
patent

2) Form new bundles based on placebo grant dates

3) Reconstruct patent value using placebo bundle size and returns at
placebo grant dates

Placebo II / Random Issue Day
1) Assign new issue date within the same year as the grant year to each

patent bundle

2) Reconstruct patent value using returns at placebo grant dates

Placebo III / Random Idiosyn-
cratic Return

1) Randomly draw returns from normal distribution that approximately
resembles the 1st and 99th percentile of the empirical distribution of
stock returns on patent issue days

2) Reconstruct patent value using randomly drawn placebo returns

and returns to compute placebo patent values. They then reestimate column (5) of

Table 4.1, Panel A, and plot the distribution of coefficients and t-statistics across 500

placebo experiments. They find that the distribution of coefficients and t-statistics is

centered around zero and to the left of the estimated effects when the true grant date

is used. Based on this observation, they conclude that their results are unlikely to be

spurious.

We conduct three different placebo tests described in Table 4.2 to further exam-

ine properties of the KPSS patent-value estimates. We start by replicating the KPSS

placebo test. The results are presented in Panels A and B of Figure 4.3. Consistently,

we find that the placebo distribution of coefficient estimates and t-statistics is signif-

icantly to the left of the respective counterparts from Table 4.1, Panel A, column (5).

However, in this placebo test, we follow KPSS by splitting up patents that are issued

in the same bundle when assigning random grant dates. For example, if two patents

were granted on January 8, 2019, KPSS randomly assign two potentially different grant

dates within the same year to these two patents. New patent bundles are then formed
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FIGURE 4.3
Placebo tests at patent level

Notes: The figure plots the distribution of estimated coefficients (left panels) and t-statistics (right pan-
els), from estimating column (5), Table II from KPSS across different placebo experiments. In Panels A
and B, we randomly generate a different issue date for each individual patent within the same year the
patent bundle is granted to the firm. For Panels C and D, we randomly generate a different issue date
for each patent bundle within the same year the patent bundle is granted to the firm. Panels E and F
report results based on a randomly drawn idiosyncratic return using a normal distribution that matches
the 1% and 99% quantile of the empirical distribution of Rit. We then reconstruct the KPSS measure
using these placebo grant dates. For each placebo experiment, we draw 500 realizations.

based on the distribution of placebo issue dates.

Next, we again conduct a KPSS-style placebo test in which we explicitly keep

patent bundles intact when reassigning grant dates. All other aspects of the proce-
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dure remain unchanged. For example, if a firm was granted two patents on January 8,

2019, both are now assigned the same placebo grant date. While this may appear to be

a minor modification, it leads to markedly different results, as illustrated in Panels C

and D of Figure 4.3. When patent bundles are preserved during placebo assignment,

the resulting coefficient estimates and t-statistics closely resemble those obtained us-

ing the actual grant dates. In fact, the true coefficient and t-statistic lie near the center

of the placebo distribution.

To further explore this pattern, we conduct an additional placebo test in which we

randomly draw the idiosyncratic stock return Rj used to compute the KPSS patent

values. Specifically, we sample Rj from a normal distribution calibrated to match the

1st and 99th percentiles of the empirical distribution of idiosyncratic returns across all

firms. All other inputs to the KPSS valuation formula—namely, market capitalization

and idiosyncratic volatility—are unchanged. If the baseline correlation documented

by KPSS were driven by information embedded in issue-day returns, we would ex-

pect the use of placebo returns to eliminate the correlation between patent values and

forward citations. However, Panels E and F show that this is not the case. Again, the

true coefficient and t-statistic fall near the center of the placebo distribution.

These results suggest that the statistically significant correlation between KPSS

patent values and forward citations—conditional on market capitalization and id-

iosyncratic volatility—is likely driven by bundle-size effects rather than by issue-day

returns. This finding may reflect the low signal-to-noise ratio reported by KPSS as

well as the fact that the original KPSS approach treats each patent grant as a positive

surprise, i.e., it also relies on return data for no-surprise bundles.9

9We will further analyze the impact of surprises on the information in event window returns in
Section 4.4.

115



CHAPTER 4. PATENT GRANT BUNDLES 116

4.3.2 Firm-Level Evidence

In this section, we investigate why KPSS obtain economically intuitive results when

aggregating patent values at the firm-year level, despite our evidence that individ-

ual patent values are driven by bundle-size effects and contain little information from

stock returns. In particular, KPSS construct a firm-level innovation measure by aggre-

gating patent values within a firm-year and show that this measure predicts future

firm performance. At the firm level, it seems unlikely that bundle-size effects are the

primary driver of these results, as such effects might be largely washed out through

aggregation.

For ease of comparison, we again borrow the notation from KPSS. The total dollar

value of innovation generated by a given firm f in year t is computed by summing up

all patent values

Θsm
ft =

∑
j∈Pft

ξj, (4.10)

where Pft is the set of patents granted to firm f in year t. To control for size effects,

Θsm
ft is scaled by book assets to obtain the stock-market-based firm-level innovation

measure,

θsmft =
Θsm
ft

Bft

, (4.11)

where Bft is the book value of assets of firm f in year t. Similarly, KPSS compute a

measure of innovation by competing firms. The set of competing firms is given by all

firms with the same SIC3 code, excluding firm f . The measure is defined as

θsmI\f,t =

∑
f ′∈I\f Θ

sm
f ′t∑

f ′∈I\f Bf ′t
, (4.12)
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where the set of competitors is given by I \ f . Finally, KPSS use these firm-level inno-

vation measures to estimate the relation between future firm outcomes and innovation

by the firm and its competitors. For horizons τ of one to five years, they estimate

log (Xf,t+τ )− log (Xft) = aτθ
sm
ft + bτθ

sm
I\f,t + cZft + uf,t+τ , (4.13)

where X is either (a) profits, (b) nominal value of output, (c) capital stock, (d) number

of employees, or (e) revenue-based productivity (TFPR). The vector Z includes Xft,

firm idiosyncratic volatility, the log value of the capital stock and the log value of the

number of employees, and time as well as industry fixed effects. The parameters of

interest are aτ and bτ as they measure the relationship between own and competitor

innovation, respectively, and future firm growth.

We begin our firm-level analysis by replicating Table IV from KPSS. The results of

this replication are reported in Table C.2 of the Appendix C.3. Consistent with models

of innovation and creative destruction, we find that future firm growth is significantly

positively associated with a firm’s own innovative output and significantly negatively

associated with the innovative output of its competitors. Overall, our results closely

match the KPSS baseline findings across all outcome variables and forecasting hori-

zons τ .

To assess whether the KPSS firm-level results are driven by information contained

in stock-market reactions around patent-issuance dates, we conduct placebo tests anal-

ogous to those in our patent-level analysis. Specifically, we construct placebo patent

values as described in Table 4.2. For each of the three placebo tests, we first generate

placebo patent values and then aggregate them within firm-years to obtain a firm-level

placebo innovation measure θsm,pft , which serves as a placebo analogue to θsmft . Sim-

ilarly, we construct a placebo measure of innovation by competing firms θsm,pI\f,t using

the placebo patent values. Using these two placebo measures, we reestimate Equation
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(4.13) and record the placebo coefficient estimates for aτ and bτ across 500 repetitions.

Figure 4.4 presents the average coefficients across placebo repetitions along with

the baseline KPSS estimates. Each panel presents results for a different outcome vari-

able, with the filled and hollow symbols indicating sensitivities to a firm’s own in-

novation and to competitors’ innovation, respectively. Across all outcome variables,

estimation horizons τ , and placebo tests, the placebo estimates closely mirror the KPSS

baseline estimates that rely on the true stock-market reactions around patent-issuance

dates. The differences between the placebo sensitivities and the KPSS estimates are

largely indistinguishable, suggesting that stock-market reactions at the time of patent

grants contribute only little to the explanatory power of the KPSS firm-level innova-

tion measure. This interpretation is further supported by the average t-statistics across

the placebo repetitions, shown in Figure C.3 of the Appendix C.3. Consistent with the

coefficient estimates, the KPSS and placebo t-statistics are highly similar, and the dif-

ferences are negligible in magnitude.

Our results suggest that stock-market reactions on patent-issuance days do not

drive the economically meaningful relationship between future firm performance and

a firm’s own or competitors’ innovation efforts documented by KPSS. As described

above, KPSS compute firm-level innovation by summing all individual patent values

within a firm-year and scaling the resulting total by the book value of assets. Simi-

larly, the sum of competitors’ patent values is scaled by the aggregate book value of

all competitors to construct the competitors’ innovation measure. Since the individual

patent values incorporate the market capitalization on the day prior to issuance, the

resulting firm-level innovation measure is related to the market-to-book ratio. Thus,

market-to-book effects could generate the observed firm-level results in KPSS.

In line with this idea, we use the firm’s beginning-of-year market-to-book ratio in-

stead of the innovation measure constructed by summing up all patent values within
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FIGURE 4.4
Placebo tests at firm level: Coefficient estimates

Notes: The figure plots results from firm-level placebo tests along with the KPSS estimates using the
true patent values. We proceed as follows: in each placebo test, we first compute placebo patent values.
Second, within firm-years we sum all placebo patent values and scale the resulting value by book value
of assets to obtain a placebo measure of firm innovations. Third, we also compute the total innovation
of a firm’s competitors by summing the competitors’ patent values within a given year and scaling by
the total value of book assets. Importantly, we follow the same procedure as KPSS, but we substitute
the true patent values with their respective placebo counterparts. Then, we estimate Equation (12) from
KPSS for five different outcome variables, i.e., profits, output, capital, labor, and TFPR. We store the
coefficient estimates and t-statistics on the measure of own and competitor innovation, respectively,
and perform 500 placebo experiments. The figure plots the average coefficient estimate. The different
placebo tests are described in Table 4.2.
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TABLE 4.3
Market-to-book ratio and firm growth

Firm (Horizon) Competitors (Horizon)

1 2 3 4 5 1 2 3 4 5

Panel A: Profits
0.035 0.056 0.071 0.082 0.089 -0.011 -0.020 -0.026 -0.032 -0.039
(7.63) (6.55) (6.22) (6.36) (7.28) (-4.17) (-3.81) (-4.19) (-4.74) (-5.09)

Panel B: Output
0.010 0.026 0.038 0.049 0.057 -0.013 -0.027 -0.036 -0.044 -0.051
(2.99) (3.97) (4.42) (5.01) (5.37) (-5.16) (-6.01) (-7.02) (-7.36) (-7.18)

Panel C: Capital
0.028 0.047 0.063 0.077 0.086 -0.002 -0.011 -0.019 -0.027 -0.036
(5.76) (5.73) (5.93) (6.28) (6.83) (-0.49) (-1.81) (-2.83) (-3.27) (-4.09)

Panel D: Labor
0.009 0.019 0.028 0.039 0.049 -0.0066 -0.013 -0.015 -0.018 -0.022
(1.82) (2.52) (3.06) (4.46) (5.58) (-1.42) (-1.69) (-1.95) (-2.37) (-2.86)

Panel E: TFPR
0.015 0.024 0.027 0.027 0.027 -0.004 -0.007 -0.010 -0.013 -0.016
(4.29) (5.42) (5.33) (6.55) (7.41) (-2.26) (-3.39) (-3.31) (-3.45) (-4.23)

Notes: This table replicates Table IV from KPSS. However, instead of regressing the growth rate of
specific firm outcomes on own and competitor innovation, we use measures based on the market-to-
book ratio. Specifically, we relate firm growth and productivity to the market-to-book ratio of the firm
and the average market-to-book ratio of other firms in the same SIC3 industry. As in KPSS, control
variables include the lag of the dependent variable, log values of firm capital, employment, and the
firm’s idiosyncratic volatility. Additionally, we also include industry and time fixed effects.

firm-years. Moreover, we replace the competitors’ innovation measure with the aver-

age market-to-book ratio in the respective industry. Then, we estimate Equation (4.13)

to test whether market-to-book effects generate similar patterns as documented by

KPSS. The results are documented in Table 4.3. Overall, we find that market-to-book

effects reproduce the same pattern documented by KPSS. Specifically, we observe a

positive and statistically significant association between a firm’s market-to-book ratio

and its future performance. This result is intuitive: components of intangible capital—

such as patents—that may influence future growth and profitability are captured in

market valuations but typically not reflected in book values. Compared to the KPSS

estimates, the effect sizes are generally of similar magnitude, and the levels of statisti-

120



CHAPTER 4. PATENT GRANT BUNDLES 121

cal significance are comparable as well.

Furthermore, consistent with KPSS, we find that future firm performance declines

as the average market-to-book ratio within an industry increases. Across all outcome

variables and time horizons τ , the sign of the competitor market-to-book estimates in

Table 4.3 aligns with the corresponding KPSS estimates. While the economic magni-

tudes and levels of statistical significance are somewhat less pronounced, the overall

pattern remains consistent.

We present two additional tests in the Appendix. Table C.3 reports results for a

sample of firms that never obtained any patents. Even in the absence of patent ac-

tivity, we find patterns similar to those in Tables 4.3 and C.2, reinforcing the role of

market-to-book effects. In a second test, we replicate the KPSS firm-level analysis

but scale the innovation measures by market capitalization instead of book assets. If

market-to-book effects are important, we would expect the estimated relationships to

weaken substantially when innovation inputs are scaled by market value. Table C.4 in

the Appendix confirms this prediction. The estimated effects are generally economi-

cally small, often statistically insignificant, and frequently switch signs relative to the

baseline KPSS estimates.

Taken together, our findings suggest that information contained in stock returns

around patent grant dates is not the primary driver of the correlations documented by

KPSS—neither at the patent nor at the firm level. The fact that similar results emerge

when using placebo patent values that omit issue-day return information indicates

that these correlations are largely driven by structural components, such as the use

of bundle size or market-to-book scaling in the KPSS measures. While we do not

reevaluate the full range of studies using KPSS data, it appears that most applications

rely on firm-year-level aggregates. In line with our analysis, their results could re-

flect broader market-to-book effects rather than return-based signals of patent-level
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economic value.

4.4 Empirical Evidence Based on the General Framework

We now proceed to analyze whether and how our more general framework introduced

above can be used to obtain return-based value estimates for individual patents. Un-

der our general framework, the patent-related return based on Equation (4.5) is de-

fined as

vit =
∆Vit
Mit−

= (1− πit) ·
ξit
Mit−

· (Nit − Et− [Nit]). (4.14)

Based on this relation, we derive two testable predictions. First, the patent-related

return should increase in the unexpected bundle size Nit − Et− [Nit]. Second, if the

realized bundle size Nit is equal to expected bundle size Et− [Nit] the patent-related re-

turn is zero and hence stock returns at the patent-issuance date should be unrelated to

forward citations, i.e., stock returns can only be informative when the realized bundle

size deviates from the expected bundle size. In the following paragraphs, we test these

two predictions.

Expected Bundle Size and Bundle-Size Surprises. Before we test the predictions of

our extended model, we show illustrative examples of realized and expected bundle

sizes of different firms. To compute the bundle-size surprise, we need to measure the

expected bundle size Et− [Nit]. Absent explicit data on the bundle size expectations of

market participants, we estimate Et− [Nit] by the firm-specific average bundle size over

the previous 52 weeks as Et− [Nit] =
1
52

∑52
s=1Ni,t−s, where Nit is the realized bundle

size of firm i in week t, with Nit = 0 on weeks when no patents were issued to firm i.

The results are not sensitive to using different lengths for the rolling windows. Finally,
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FIGURE 4.5
Examples of realized versus expected bundle sizes

Notes: The figure plots realized bundle sizes, Nit, and expected bundle sizes, Et− [Nit], for different firms
over time. The expected bundle size is estimated as the average bundle size over the previous 52 weeks.

we define the Relative Surprise as

Relative Surpriseit = (Nit − Et− [Nit]) /Nit, (4.15)

where we normalize with respect to the realized bundle size. We consider relative

deviations from the expected bundle size to account for systematic differences in the

average bundle size between firms. That is, some of the most innovative companies

often have bundle sizes in excess of 50, while other companies are rarely granted any

patent.

Figure 4.5 plots realized bundle sizes Nit and expected bundle sizes Et− [Nit] for

different firms over time. We start with the Genex Corporation in Panel A. Genex had

several patent grants between 1983 and 1991. The realized bundle size was always
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zero or one, except in one case where it was two. In addition, patent grants appear

to be quite dispersed over time, with no grants on most Patent Tuesdays. As a result,

the expected bundle size is close to zero most of the time. Thus, patent grants seem to

contain some unexpected component. KPSS provide some case studies to illustrate the

relation between stock-market reactions and important patent grants. One such exam-

ple is patent 4,946,778 granted to Genex on August 7, 1990. In the three days following

the grant, the firm’s stock price increased by 67% in excess of market returns. We find

that the patent ranks in the top 10% of the relative unexpected bundle size distribution.

Consistently, our framework predicts rather pronounced stock-market reactions for

such patents.

Panel B illustrates realized and expected bundle sizes of Varian Medical between

1960 and 2010. Unlike Genex, realized bundle sizes fluctuate between zero and nine

and are frequently above one. Panels C and D show pictures for Microsoft and IBM

that are again vastly different. Realized bundle sizes are most of the time above ten

and can be as large as 250. In recent years, there are few Tuesdays when Microsoft

and IBM have not been granted a patent. Furthermore, we find that across all patent

grants, the absolute Relative Surprise is on average 93%, 50%, 36%, and 46% for Genex,

Varian Medical, Microsoft, and IBM, respectively. This means that the surprise com-

ponent of a patent grant is more than twice as large for Genex than for Microsoft or

IBM, with Varian Medical in between.

Bundle-Size Surprises, Stock Returns, and Forward Citations. We now test the first

prediction of our general framework that patent-related returns should increase in the

unexpected bundle size. We do so by regressing stock returns on issue days on the
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TABLE 4.4
Stock returns on issue days and relative unexpected bundle size

DV: Market-Adjusted Returns DV: FF3 Returns

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

Relative Surprise 0.0135 0.0112 0.0095 0.0147 0.0111 0.0107
(2.92) (2.39) (1.82) (2.71) (2.07) (1.90)

Dependent Mean 0.0661 0.0661 0.0661 0.0425 0.0425 0.0425
Obs. 591,408 591,408 575,093 486,220 486,220 472,121
R2 0.0271 0.0278 0.1278 0.0242 0.0249 0.1169
Fixed Effects T T T T

F F
F × T F × T

Notes: The table shows the correlation between stock returns on issue days and the Relative Surprise.
Returns are measured in percent. Depending on the specification, we control for firm fixed effects F,
and grant-year fixed effects T, and firm interacted with grant-year fixed effects F×T. We cluster standard
errors by firm and report t-statistics in parentheses.

Relative Surprise, using different sets of fixed effects.10 We use market-adjusted and

FF3 returns as measures for stock returns. Table 4.4 shows the results. Both market-

adjusted and FF3 returns are increasing in the Relative Surprise. Columns (1) to (3)

show that a one-standard-deviation increase in the Relative Surprise is associated with

a 0.0095% to 0.0135% increase in market-adjusted returns, depending on the specifica-

tion. The relationship is statistically significant and economically meaningful as it is as

large as 14% to 20% of the respective mean. The same pattern is observed in columns

(4) to (6) when FF3 returns are used as the dependent variable. Notably, the coefficient

estimates remain statistically significant when we include firm-by-year fixed effects,

i.e., when the effect is estimated based on within-firm-year variation in the Relative

Surprise across patent-issuance days. Thus, these findings are consistent with our first

prediction and a necessary condition for issue-day stock returns being informative

about patent values.

10This analysis is purely illustrative, as we do not estimate a full-fledged version of our generalized
framework to isolate the patent-related component of returns. Instead, we conduct a reduced-form
analysis based on overall returns. The advantage of this approach is that it allows us to test the core
idea of our theory while imposing minimal structural assumptions.
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We now investigate our second prediction, whether stock returns on days with a

high Relative Surprise are potentially more informative about the economic value of

patents compared to issue days with a low Relative Surprise. Unfortunately, the eco-

nomic value of patents is largely unobserved, which makes it difficult to test our sec-

ond prediction. Nevertheless, previous studies based on smaller samples document a

positive and statistically significant relationship between citations and the economic

value of patents (Harhoff et al., 1999, Moser et al., 2011, Abrams et al., 2018). Thus,

to test our second prediction we analyze the relationship between forward citations

and stock returns on issue days. We hypothesize that stock returns on patent-issuance

days are only informative about forward citations if the realized bundle size differs

significantly from the expected bundle size. We identify surprise patents by defining a

surprise indicator which is equal to one if a patent ranks in the top 10% of the Relative

Surprise distribution. Then, we estimate the following regression

Cj = β1Surprisej + β2Rj + β3Surprisej ×Rj + uj, (4.16)

where j indexes patents, Cj captures forward citations, Surprisej is equal to one if

patent j is a surprise patent and Rj is a measure of the stock return on patent grant

days. We are particularly interested in β3, the coefficient on the interaction between the

surprise indicator and stock returns, as it measures whether stock returns associated

with a high Relative Surprise are more informative about forward citations. Table 4.5

documents the results.

Panel A focuses on positive surprises, i.e., the patents that belong to the top 10%

of the Relative Surprise distribution. Columns (1) to (3) show that the market-adjusted

returns associated with patents where the surprise dummy is zero are not informa-

tive about forward citations, as the coefficients are mostly not significant and even the

signs change between specifications. In contrast, we find that the interaction effect
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TABLE 4.5
Forward citations and stock returns

Market-Adjusted Returns FF3 Returns

DV: Citations (1) (2) (3) (4) (5) (6)

Panel A: Positive Surprise
Surprise 2.3669 1.8207 0.0859 3.1756 2.5566 0.2613

(6.79) (7.99) (0.71) (7.15) (8.89) (1.47)

Return Measure 0.0330 -0.0045 -0.0322 0.0596 0.0152 -0.0141
(1.36) (-0.21) (-1.55) (2.11) (0.60) (-0.60)

Surprise × Return Measure 0.1649 0.1442 0.1638 0.1088 0.1156 0.1123
(2.88) (2.86) (2.98) (2.07) (2.55) (2.38)

Obs. 1,795,589 1,794,478 1,778,643 1,535,698 1,534,581 1,520,782
R2 0.0950 0.1847 0.2557 0.0900 0.1832 0.2538
Fixed Effects T T T T

F F
F × T F × T

Panel B: Negative Surprise
Surprise -0.3109 -0.0491 0.1821 -0.4417 -0.1106 0.1479

(-2.60) (-0.65) (3.77) (-3.18) (-1.36) (3.01)

Return Measure 0.1198 0.0653 0.0309 0.1059 0.0676 0.0249
(4.19) (2.61) (1.31) (3.93) (2.89) (1.13)

Surprise × Return Measure -0.0616 -0.0561 -0.0320 -0.0312 -0.0525 -0.0260
(-0.85) (-0.80) (-0.45) (-0.44) (-0.77) (-0.37)

Obs. 1,795,589 1,794,478 1,778,643 1,535,698 1,534,581 1,520,782
R2 0.0938 0.1844 0.2557 0.0883 0.1827 0.2538
Fixed Effects T T T T

F F
F × T F × T

Notes: The table shows the correlation between forward citations and stock returns conditional on
whether a patent bundle is a surprise bundle. A surprise bundle ranks among the top 10% of the
Relative Surprise distribution. Depending on the specification, we control for grant-year fixed effects T,
firm fixed effects F, and firm-by-grant-year fixed effects F×T. We cluster standard errors by firm and
report t-statistics in parentheses.

between the surprise indicator and market-adjusted returns is positive and signifi-

cant even when including firm-by-year fixed effects, suggesting that stock returns on
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high-surprise days are informative about forward citations.11 The same pattern can be

observed in columns (4) to (6) where we examine FF3 returns as a measure of stock-

market reactions on patent-issuance days. These findings confirm the intuition from

our generalized approach that stock returns can only be informative about patent val-

ues (as proxied for by citations) if there was a significant surprise in the number of

patents granted.

In Figure C.4 of the Appendix, we show the coefficients β3 on the interaction ef-

fects from columns (3) and (6), respectively, of Table 4.5 for different surprise thresh-

olds. We find that for market-adjusted returns, the coefficient on the interaction effect

is insignificant up to the 60th percentile and becomes significant thereafter. For FF3

returns, we document that the interaction effect is significant only for the top 10% of

the Relative Surprise distribution. These findings illustrate that we can only hope to

get information out of announcement returns for the most extreme bundle-size sur-

prises. This implies that a return-based approach to extract economic values from

stock-market returns might not work for the majority of patents where the number of

granted patents is less surprising. Furthermore, the fact that meaningful information

can only be retrieved for a small fraction of patent grants raises doubts about the fea-

sibility of obtaining a precise measure of innovation at the aggregate firm level using

a return-based approach.

Theoretically, stock returns on days when the realized bundle size is significantly

lower than the expected bundle size could also be informative about forward cita-

tions. However, in the case of negative surprises, the interaction effect between the

surprise indicator and stock returns should be negative. In Panel B, we estimate Equa-

11The baseline effect of the surprise indicator is positive and statistically significant if we only include
year or firm and year fixed effects. However, if we include firm-by-year fixed effects, the coefficient es-
timate on the surprise dummy is by at least a magnitude lower and becomes statistically insignificant.
Including firm-by-year fixed effects is important to capture firm-specific time-trends in patent applica-
tions and eventual granting (as for example illustrated in Panels C and D of Figure 4.5).
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tion (4.16), but now the surprise indicator is one if a patent ranks among the bottom

10% of the Relative Surprise distribution. We find that the interaction effect is indeed

negative in all specifications, although not statistically significant. In summary, the

results presented in Table 4.5 are consistent with our second prediction, suggesting

that stock returns should only be informative about the economic value of patents for

surprise patents.

The Signal-to-Noise Ratio. The evidence hitherto shows that we can only hope to

extract reliable information on the economic value of individual patents for a small

fraction of all patent grants that are characterized by relatively large bundle-size sur-

prises. To learn more about how realistic this is, we now proceed to analyze the signal-

to-noise ratio dependent on bundle-size surprises.

One key contribution of the methodology proposed by KPSS is an approach to

isolate the patent-related component vit of a firm’s idiosyncratic return Rit during the

event window [t−, t+]. For this purpose, KPSS rely on the following decomposition

Rit = vit + εit, (4.17)

where εit denotes the part of firm i’s idiosyncratic return that is not related to patent

information. Moreover, they assume that vit follows a normal distribution which is

truncated at zero with vit ∼ N+(0, σ2
vit) and that vit is independent of εit. For εit, an

untruncated normal distribution with εit ∼ N (0, σ2
εit) is assumed. Since vit cannot be

observed, KPSS replace it with its conditional expectation E[vit | Rit] when calculating

the implied patent value.

An important input for determining this conditional expectation (Kogan et al.,
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2017, Equation (4)) is the signal-to-noise ratio12

δit =
σ2
vit

σ2
vit + σ2

εit

. (4.18)

KPSS propose to estimate a firm- and time-invariant signal-to-noise ratio δ by regress-

ing log squared returns on a patent issue-day dummy variable and a set of control

variables.

The signal-to-noise ratio plays a critical role in the quality of patent-value esti-

mates. In Figure C.5 of the Appendix, we evaluate the estimation accuracy across

a range of signal-to-noise ratios using a simulation study. To isolate the effect of the

signal-to-noise ratio, we adopt an illustrative parameterization in which we fix market

capitalization Mit− at one, set the volatility of εit to the sample average, and assume

a bundle size Nit of one. For each signal-to-noise ratio, we generate 1,000,000 draws

from the distributions of vit and εit under the KPSS assumptions. We then compute the

true patent values ξit and their corresponding estimates ξ̂it using the KPSS formula.

Our results show that the correlation between true and estimated patent values

increases with the signal-to-noise ratio, while the percentage error declines. Notably,

at low levels of the signal-to-noise ratio—such as the 1.45% estimated by KPSS—true

and estimated patent values are only very weakly correlated.

To understand whether the low level of the signal-to-noise ratio found by KPSS is

related to using return information from no-surprise patents13, we propose to extend

their methodology as follows: We estimate signal-to-noise ratios δq for each surprise

quartile q by regressing log squared returns on surprise quartile dummy variables Sqit

log
(
R2
it

)
= γqSqit + cZit + uit, (4.19)

12A structurally similar result can be derived for our extended theory, which we omit for brevity.
13Our theory suggests that if no surprise occurs, Rit = εit and thus δit = 0.
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FIGURE 4.6
Signal-to-noise ratio and idiosyncratic volatility across quartiles of bundle-size

surprises
Notes: The figure presents estimates of the signal-to-noise ratio, δ, and the mean idiosyncratic volatility,
σεit, for each surprise quartile. Issue days are grouped into surprise quartiles based on the relative
surprise (Nit − Et− [Nit]) /Nit. Quartiles 1, 2, 3, and 4 comprise 613,452, 372,384, 236,421, and 137,789
(115,611, 115,698, 124,329, 106,795) patents (issue days), respectively. The KPSS estimate across all issue
days is δ̂ = 0.0145.

where the superscript q indicates the quartile, Zit controls for day of week and firm-by-

year fixed effects, and uit is an error term. The corresponding estimate of the signal-

to-noise ratio δq can be recovered via δ̂q = 1 − exp(−γ̂q). To simplify the exposition,

we focus on the set of issue days with positive surprises, which comprises 1,360,046

(462,433) out of 1,801,879 (596,235) patents (issue days). Our results are robust to in-

cluding all issue days. We provide a graphical illustration of the results in Figure

4.6. Overall, our estimates vary around the value obtained by KPSS (approximately

1.45%). Perhaps counterintuitively, our results show that the signal-to-noise ratio is

largest for small surprises (δ̂ = 0.0270) and lowest for large surprises (δ̂ = 0.0068). We

also plot the average idiosyncratic volatility σεit for each surprise quartile and find that
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noise is increasing monotonically in the bundle-size surprise. As the signal-to-noise

ratio decreases in idiosyncratic volatility, this pattern explains why we find the lowest

signal-to-noise ratio in the highest surprise quartile.

Larger surprises do not seem to contain more signal. Rather, we find that δ gen-

erally declines with the magnitude of the bundle-size surprise, while σεit increases

monotonically. Specifically, the average idiosyncratic noise is over 65% higher in the

highest surprise quartile than in the lowest. This inverse relationship exists because

smaller firms with high idiosyncratic noise tend to have larger surprises. Thus, as

the surprise component grows, so does the noise component in stock returns. In the

highest surprise quartile, where we would expect returns to most accurately reflect

valuable new information, the signal-to-noise ratio is lowest. When we sort issue days

unconditionally by quartiles of bundle-size surprise and idiosyncratic volatility, we

find that the high-surprise-low-volatility cell is sparsely populated, comprising only

approximately 21,000 patents (12,790 issue days). This makes statistical inference chal-

lenging. Overall, these results suggest that even among the patents most likely to

generate informative market responses, it is difficult to extract this information.

4.5 Conclusion

Stock-market-based measures of innovation have received considerable attention in

recent years. In this paper, we examine and evaluate stock-market-based measures of

innovation by focusing on the most popular approach, which has been developed by

Kogan, Papanikolaou, Seru, and Stoffman (2017).

We provide evidence that more than 80% of all patents granted between 1926 and

2010 are granted as part of bundles. We document that the average bundle size has

increased sharply over time, exceeding 30 in 2010. We also show that bundle size
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affects KPSS patent values. While approaches such as KPSS have provided a useful

framework for studying the market’s response to innovation, our findings suggest that

information contained in stock returns around patent grant dates is not the primary

driver of the correlations documented by KPSS.

We present a theoretical framework that explicitly models patent bundling and

demonstrate that stock returns can only be informative when the number of granted

patents is unexpected by the market. Further results show that this can only be ex-

pected to be the case for a little more than 20% of all patents at best. However, when

calibrating the signal-to-noise ratio, we find that idiosyncratic volatility increases with

the magnitude of the bundle-size surprise, resulting in a low signal-to-noise ratio, even

for large-surprise bundles. This pattern implies that returns that are most likely to be

interpreted as informative may actually contain more noise. Therefore, caution is ad-

vised when using grant-day returns to infer the economic value of innovation. Given

the recent interest in and use of stock-market-based measures of innovation, our re-

sults might have implications for a large number of studies, both past and future.
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A.1 Summary Statistics

TABLE A.1
Summary statistics

Mean Median Std. Dev. Min Max

Assets 30,214.93 11,747.59 52,865.78 231.11 532,577.47
Sales 24,127.85 8,608.35 46,060.52 186.29 498,583.18
Market Value 38,218.66 13,226.04 75,718.79 88.89 1,073,390.54
Profits 1,015.32 627.62 1,037.01 -255.80 4,764.76
Carbon Emissions 2.3893 0.6318 4.3577 0.0010 21.0977
Carbon Intensity (Assets) 0.1252 0.0414 0.2364 0.0006 3.2588
Carbon Intensity (Sales) 0.1784 0.0460 0.3778 0.0005 5.0283

Notes: The table shows summary statistics for my baseline sample. Assets, sales, market value, and
profits are in millions of dollars. Carbon emissions are in million metric tons of CO2 equivalents. Car-
bon intensity is reported in tons per $1,000 of assets or sales, respectively. The sample consists of 3,286
observations from 494 firms between 2006 and 2019.

TABLE A.2
Distribution of firms across Fama-French-12-industries

Fama French 12-Industry Number of Firms

Consumer Non-Durables 50
Consumer Durables 13
Manufacturing 78
Energy 34
Chemicals 46
Business Equipment 106
Telecommunication 13
Utilities 0
Wholesale and Retail 50
Healthcare 42
Finance 0
Other 61

Notes: The table shows the number of firms by Fama-French-12-industries.
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A.2 Robustness of Reduced-Form Results

A.2.1 Alternative Forecast Error Measures
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FIGURE A.1
Alternative forecast error measures

Notes: The figure plots the histograms of alternative forecast error measures based on the Compus-
tat/IBES/Trucost merged sample, which includes 3,286 observations from 494 firms between 2006 and
2019. Realized profits are fiscal year dollar street earnings. The left panel scales the baseline forecast er-
ror by lagged sales instead of assets. Following Terry (2023), the middle panel plots the relative forecast
error computed via 2 streetit−consensusit

|streetit|+|consensusit| . The right panel uses the mean across all analysts’ earnings
forecasts at a four-quarter horizon as the consensus estimate.
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A.2.2 Discontinuities for Carbon Intensity
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FIGURE A.2
Discontinuities for carbon intensity

Notes: The figure shows binned scatterplots of the growth rate in carbon intensity on the y-axis and
forecast errors on the x-axis. The figures use a small window around the zero forecast error (with
−0.005 ≤ feit ≤ 0.005). The growth rate of carbon intensity is residualized with respect to firm and
year fixed effects. Forecast errors are the difference between realized and forecast profits, scaled by
book assets. Realized profits are fiscal year dollar street earnings. Forecast profits are median analyst
earnings forecasts at the four-quarter horizon.
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A.2.3 Discontinuity Results for Full Sample

TABLE A.3
Regression discontinuity results for full sample

(1) (2) (3)

Emissions Growth CO2 CO2/Assets CO2/Sales

Mean Change at 6.02 5.55 5.15
0 Threshold (p.p.) (2.91) (2.42) (2.58)
Standardized (%) 20.78 17.96 19.38

Fixed Effects Firm, Year Firm, Year Firm, Year
Obs. 3,513 3,513 3,513

Notes: The table reports the estimated mean differences in firms’ emissions policy around the zero
forecast error threshold. Compared with the baseline estimates, I also include observations for which
Trucost imputed carbon emissions based on a proprietary model that depends on firm fundamentals.
Standardized values express the point estimates in terms of the standard deviation of the outcome
variable. Column (1) compares the growth rate of carbon emissions, column (2) carbon emissions scaled
by assets, and column (3) carbon emissions scaled by sales for firms that just beat and firms that just
miss the consensus earnings forecast. The results are based on a small window around the zero forecast
error (with −0.005 ≤ feit ≤ 0.005). The regressions include firm and year fixed effects. Standard errors
are clustered by firm; robust t-statistics are shown in parentheses.
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A.2.4 Discontinuity Results By Emissions Scope

TABLE A.4
Regression discontinuity results by emissions scope

(1) (2) (3)

CO2 CO2/Assets CO2/Sales

Panel A: Scope 1 Emissions

Mean Change at 12.59 11.37 11.93
0 Threshold (p.p.) (2.37) (2.11) (2.31)
Standardized (%) 23.30 20.86 22.24

Fixed Effects Firm, Year Firm, Year Firm, Year
Obs. 1,465 1,465 1,465

Panel B: Scope 2 Emissions

Mean Change at 2.76 1.54 2.10
0 Threshold (p.p.) (0.70) (0.35) (0.53)
Standardized (%) 6.97 3.78 5.41

Fixed Effects Firm, Year Firm, Year Firm, Year
Obs. 1,465 1,465 1,465

Notes: The table reports the estimated mean differences in firms’ emissions policies around the zero
forecast error threshold. Compared with the baseline estimates, I estimate the discontinuity for Scope
1 and Scope 2 emissions separately. Standardized values express the point estimates in terms of the
standard deviation of the outcome variable. Column (1) compares the growth rate of carbon emissions,
column (2) carbon emissions scaled by assets, and column (3) carbon emissions scaled by sales for firms
that just beat and firms that just miss the consensus earnings forecast. The results are based on a small
window around the zero forecast error (with −0.005 ≤ feit ≤ 0.005). The regressions include firm and
year fixed effects. Standard errors are clustered by firm; robust t-statistics are shown in parentheses.
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A.2.5 Bandwidth Choice
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FIGURE A.3
Regression discontinuity results for various bandwidth choices

Notes: The figure plots the estimated discontinuity in carbon emissions growth for firms just hitting
analysts’ forecasts as a function of different bandwidth choices (on the horizontal axis). Panel A com-
pares the growth rate of carbon emissions, Panel B carbon emissions scaled by assets, and Panel C
carbon emissions scaled by sales for firms that just beat and firms that just miss the consensus earn-
ings forecast. In my baseline specification, I only use observations in a small window around the zero
forecast error threshold (between -0.005 and 0.005). In this figure, I vary the bandwidth in the range
[0.5bw, 1.5bw]. The square represents the estimated discontinuity when using the baseline bandwidth
that is considered in the main specification. The 90% confidence bands take clustering at the firm level
into account.

TABLE A.5
Optimal bandwidth according to Calonico, Cattaneo, and Farrell (2020)

(1) (2) (3)

Emissions Growth CO2 CO2/Assets CO2/Sales

Mean Change at 4.97 4.96 4.43
0 Threshold (p.p.) (2.49) (2.48) (2.31)
Standardized (%) 12.32 11.85 11.01

Fixed Effects Firm, Year Firm, Year Firm, Year
Obs. 3,147 3,147 3,147

Notes: The table reports the estimated mean differences in firms’ emissions policies around the zero
forecast error threshold. Standardized values express the point estimates in terms of the standard de-
viation of the outcome variable. Column (1) compares the growth rate of carbon emissions, column (2)
carbon emissions scaled by assets, and column (3) carbon emissions scaled by sales for firms that just
beat and firms that just miss the consensus earnings forecast. Estimates are obtained using local lin-
ear regression with a triangular kernel and optimal Calonico, Cattaneo, and Farrell (2020) bandwidth.
Standard errors are clustered by firm; robust t-statistics are shown in parentheses.
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A.3 Appendix to Quantitative Model

A.3.1 Computational Details
Preliminaries. I use a three-dimensional grid to capture the state variables of the
model, i.e., past emissions e−1, unmanipulated sales q, and observable profit noise ε. I
discretize the exogenous processes for q and ε using the Tauchen algorithm (Tauchen,
1986). I use seven grid points for q and ten for ε, resulting in a transition matrix of di-
mension 70×70. The grid for e−1 is not fixed, but is determined endogenously, similar
to the endogenous grid method introduced by Carroll (2006).

Numerical Algorithm. I implement the following inner-outer-loop structure to find
the stationary equilibrium of the model:

1) [Outer Loop] Guess short-term incentives θπ

(a) [Inner Loop] Guess emissions forecast function ef (q), implying profit fore-
casts Πf (q).

(b) Compute the implied emissions policy by managers e(q, ε) by directly solv-
ing the time-t decision of managers:

max
ei,t

−ψ
(
qi,t
ei,t

)2

− qtθπPν
(
Πt < Πf

t

)
+ ϕeei,t −

1

R
αei,t

(c) Check whether the forecast function ef (q) is consistent with the emissions
policy function according to ef (q) = Eε [e(q, ε) | q]. If so, the policy e(q, ε),
profit forecasts Πf (q), the value function VF (e−1, q, ε), and the stationary dis-
tribution F implied by θπ are computed. If not, update the guess for fore-
casts and return to 1(a).

2) Compute the implied mean firm value objective of boards given θπ via (2.16)

3) If the board objective is optimized, optimal short-term incentives θ∗π are com-
puted. If not, update guess of θπ and return to 1(a). I use Brent’s algorithm to
solve the board objective.
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A.3.2 Identification of Other Model Parameters

FIGURE A.4
Identification of other model parameters

Notes: The figure plots selected, smoothed moments used for estimating the remaining parameters. I
vary the parameter values above and below their estimated value.
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A.3.3 Model Extensions
In this appendix, I provide additional details on the various model extensions used in
the SMM robustness section of the main paper.

Exogenous Short-Termism

Assuming exogenous short-term incentives simplifies the model structure consider-
ably, as the board’s optimization problem is eliminated. Managers’ value function
becomes

VM(ei,t−1, qi,t, εi,t) = max
ei,t

{
θd

[
(1− l)qi,t − αei,t−1 − ψ

(
qi,t
ei,t

)2
]

− qi,tθπPν
(
Πi,t < Πf

i,t

)
+

1

Rt

Et [VM(ei,t, qi,t+1, εi,t+1)]

}
,

(A.1)

where the ϕeei,t term is omitted relative to the baseline model. In this specification,
short-term incentives are no longer determined endogenously by the board of direc-
tors but are instead treated as exogenous and estimated directly from the data. As
a result, θπ is not value-maximizing as there is no agency conflict in this version of
the model. Consequently, removing short-term incentives leads to an increase in firm
value, in contrast to the baseline model where such incentives may be optimal.

Divergence in Future Cost of Carbon α Between Managers and the Board

In the baseline model, I assume that managers experience private disutility from car-
bon emissions (ϕe < 0), which allows me to endogenously characterize optimal short-
term incentives. In this extension, I instead argue that the nature of financial commu-
nication creates a wedge between the perceived cost of carbon for managers (αm) and
for the board (αf ). Specifically, because managers act as the public face of the firm and
are responsible for communicating its emissions policy, they directly bear the reputa-
tional consequences of public scrutiny. In contrast, the board remains largely insulated
from such reputational exposure. Managers’ value function is now given by

VM(ei,t−1, qi,t, εi,t) = max
ei,t

{
θd

[
(1− l)qi,t − αmei,t−1 − ψ

(
qi,t
ei,t

)2
]

− qi,tθπPν
(
Πi,t < Πf

i,t

)
+

1

Rt

Et [VM(ei,t, qi,t+1, εi,t+1)]

}
,

(A.2)
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where the ϕeei,t term from the baseline model is omitted, and αm now captures the
manager-specific perceived cost of emissions. Given managers’ optimal emissions
choice e∗i,t, the value of the firm is

VF (ei,t−1, qi,t, εi,t) = (1− l)qi,t−αfei,t−1−ψ
(
qi,t
e∗i,t

)2

+
1

Rt

Et
[
VF (e

∗
i,t, qi,t+1, εi,t+1)

]
, (A.3)

where αf < αm represents the board’s perceived cost of future emissions. The wedge
between αf and αm provides a rationale for the existence of short-term incentives. I
estimate both αf and αm directly from the data. All other components of the model
remain unchanged.

Accruals Manipulation

A large literature in accounting emphasizes that managers do not rely solely on real
actions—such as cutting discretionary expenses—to manage earnings, but may also
manipulate accruals to inflate reported profits (e.g., Dechow et al., 1995, Kothari et al.,
2005, Cohen et al., 2008). In the baseline model, I abstract from accruals manipulation
to reduce complexity. However, the potential substitution between real actions and
accrual-based earnings management may be quantitatively important. I therefore ex-
tend the baseline model by introducing accruals manipulation ai,t as an additional tool
that managers can use to improve paper profits. To keep the model tractable and limit
the number of state variables, I model accruals manipulation as a static choice. Firms’
paper profits are now given by

Πi,t = (1− l)qi,t − αei,t−1 − ψ

(
qi,t
ei,t

)2

+ ai,t + qi,tεi,t + qi,tνi,t. (A.4)

While accruals manipulation increases reported profits, it entails a quadratic private
cost for the manager, scaled by ϕa < 0, reflecting the risk of detection and potential
consequences. Managers’ Bellman equation becomes

VM(ei,t−1, qi,t, εi,t) = max
ai,t,ei,t

{
θd

[
(1− l)qi,t − αei,t−1 − ψ

(
qi,t
ei,t

)2
]

− qi,tθπPν
(
Πi,t < Πf

i,t

)
+ ϕaqi,t

(
ai,t
qi,t

)2

+ ϕeei,t +
1

Rt

Et [VM(ei,t, qi,t+1, εi,t+1)]

}
.

(A.5)

All other components of the model remain unchanged relative to the baseline. The
parameter ϕa is estimated in the structural estimation.
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Private Firms

To address the concern that my baseline estimates may overstate the impact of short-
termism on carbon emissions due to the omission of private firms, I extend the model
to include an exogenous mass of private firms, denoted by mpr. For public firms,
all equations remain identical to those in the baseline specification. I conservatively
assume that short-term incentives are absent for private firms. Accordingly, the value
function for managers of private firms is given by

V pr
M (ei,t−1, qi,t, εi,t) = max

ei,t

{
θd

[
(1− l)qi,t − αei,t−1 − ψ

(
qi,t
ei,t

)2
]

+ ϕeei,t +
1

Rt

Et [V pr
M (ei,t, qi,t+1, εi,t+1)]

}
,

(A.6)

where I maintain the assumption that managers of private firms derive private disu-
tility from carbon emissions, with ϕe < 0. Since short-term incentives are absent, the
board’s optimization problem is eliminated for private firms. All other equations rel-
evant to private firms remain unchanged relative to the baseline model.

To quantify the influence of private firms on my baseline estimates, I calibrate the
mass of private firms, mpr. Ideally, I would calibrate mpr using observed data on the
share of U.S. carbon emissions attributable to private firms. However, such emissions
data are not available at scale. I therefore proceed in two steps. First, I use aggregate
U.S. Census data to estimate total revenues in the U.S. economy. Between 2006 and
2019, total corporate revenues were approximately $22, 527, 695.3 million. Using Com-
pustat, I estimate that public firms generated approximately $19, 430, 946.17 million
over the same period. This implies that public firms account for roughly 86% of total
corporate revenues.

Let x denote the share of total carbon emissions attributable to private firms:

x =
mprēpr

mprēpr +mpuēpu
, (A.7)

where ēpu and ēpr denote the average carbon emissions of public and private firms, re-
spectively. Assuming a relative carbon intensity between the two firm types, I use the
revenue share of public firms to calibrate plausible values for x. If private firms are
equally carbon-intensive as public firms, their emissions share corresponds directly
to their revenue share. If they are more carbon-intensive, their emissions share in-
creases. For example, under a conservative scenario in which private firms are twice
as carbon-intensive as public firms, the emissions share attributable to private firms
rises to approximately 24%.

Solving Equation (A.7) for the mass of private firms yields:

mpr =
xēpu

ēpr(1− x) + xēpu
, (A.8)
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where ēpu and ēpr are obtained by simulating the model separately for public and pri-
vate firms. Table A.6 reports the resulting emissions share x and the corresponding
values of mpr across various scenarios. The quantitative impacts are reported in Ta-
ble A.10.

TABLE A.6
Emissions share of private firms

Private firms, same intensity Private firms, +10% Private firms, +25% Private firms, +50% Private firms, +100%

x 0.1375 0.1492 0.1661 0.1929 0.2417
mpr 0.1401 0.1520 0.1692 0.1964 0.2458

Notes: The table reports estimates of the emissions share x of private firms in the U.S. and the corre-
sponding mass of private firms mpr, based on a range of scenarios.
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A.3.4 Supplemental Tables

TABLE A.7
Model robustness: Exogenous short-term incentives

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.9401 0.0050
Std of sales shock σz 0.0843 0.0041
Std of observed profit shock σε 0.0069 0.0026
Std of unobserved profit shock σν 0.0062 0.0012
Short-termist clawback θπ 0.0018 0.0007
Cost of carbon abatement ψ 0.0061 0.0006
Future cost of carbon α 1.6841 0.1329
Std of measurement error in carbon emissions σe 0.0388 0.0138

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.1746 0.2034 −1.73
Std of forecast error 0.3329 0.3457 −1.63
Std of sales growth 0.1104 0.0937 3.74
Std of profitability 0.0322 0.0408 −4.51
Std of carbon intensity 0.0737 0.0420 1.69
Correlation of sales growth, profitability 0.1222 0.6938 −14.04
Correlation of sales growth, carbon intensity −0.1480 −0.0775 −3.30
Correlation of profitability, carbon intensity −0.1039 −0.2240 3.19
Correlation of profitability, forecast error 0.1877 0.1987 −0.52
Correlation of carbon intensity, forecast error −0.0106 −0.0073 −0.06
Correlation of sales growth, forecast error 0.1333 0.0505 6.03
Prob of meeting forecast 0.5703 0.5600 3.19
Prob. of just meeting to prob. of just missing 1.4864 1.3738 19.53

Panel C: Quantitative Impacts

Estimated short-term incentives, θ∗π 0.18%
Mean carbon abatement cost increase from short-termism 7.62%
∆ Firm profits without short-termism 0.95%
∆ Carbon emissions without short-termism −2.29%

Notes: The table reports the SMM results based on a model with exogenous short-term incentives. Panel
A shows the parameter estimates using efficient moment weighting. Panel B documents a comparison
of the actual data moments with the simulated moments using the optimal parameter vector θ̂SMM .
Model moments use a panel of 1,000 firms and 25 years. Standard errors are clustered at the firm level
and reported rounded to the fourth decimal. Panel C documents the estimated short-term incentives
θ∗π , and computes the quantitative impacts of short-termism on the mean carbon abatement cost, firm
profits, and carbon emissions.
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TABLE A.8
Model robustness: Divergence in future cost of carbon: αm vs. αf

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.8503 0.0082
Std of sales shock σz 0.0865 0.0005
Std of observed profit shock σε 0.0085 0.0017
Std of unobserved profit shock σν 0.0069 0.0014
Cost of carbon abatement ψ 0.0091 0.0000
Future cost of carbon (managers) αm 1.5602 0.0008
Future cost of carbon (firm) αf 1.3416 0.0002
Std of measurement error in carbon emissions σe 0.0724 0.0144

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.1746 0.2373 −3.00
Std of forecast error 0.3329 0.3561 −2.35
Std of sales growth 0.1104 0.0982 2.11
Std of profitability 0.0322 0.0387 −2.37
Std of carbon intensity 0.0737 0.0727 0.05
Correlation of sales growth, profitability 0.1222 0.7504 −21.95
Correlation of sales growth, carbon intensity −0.1480 −0.0585 −4.36
Correlation of profitability, carbon intensity −0.1039 −0.1190 0.39
Correlation of profitability, forecast error 0.1877 0.2606 −2.98
Correlation of carbon intensity, forecast error −0.0106 −0.0046 −0.14
Correlation of sales growth, forecast error 0.1333 0.0655 3.82
Prob of meeting forecast 0.5703 0.5712 −0.29
Prob. of just meeting to prob. of just missing 1.4864 1.4940 −2.00

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.20%
Mean carbon abatement cost increase from short-termism 6.41%
∆ Firm profits without short-termism −0.43%
∆ Carbon emissions without short-termism −2.05%

Notes: The table reports the SMM results based on a model with differences in the perceived future cost
of carbon for managers and the firm. Panel A shows the parameter estimates using efficient moment
weighting. Panel B documents a comparison of the actual data moments with the simulated moments
using the optimal parameter vector θ̂SMM . Model moments use a panel of 1,000 firms and 25 years.
Standard errors are clustered at the firm level and reported rounded to the fourth decimal. Panel C doc-
uments the optimal short-term incentives θ∗π , and computes the quantitative impacts of short-termism
on the mean carbon abatement cost, firm profits, and carbon emissions.
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TABLE A.9
Model robustness: Accruals manipulation

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.9489 0.0034
Std of sales shock σz 0.0979 0.0008
Std of observed profit shock σε 0.0081 0.0012
Std of unobserved profit shock σν 0.0070 0.0020
Private cost of managers ϕe −0.2089 0.0006
Cost of carbon abatement ψ 0.0066 0.0001
Future cost of carbon α 1.7442 0.0018
Std of measurement error in carbon emissions σe 0.0443 0.0090
Manager private cost of accruals ϕa 6.7422 2.4218

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.1746 0.1981 −1.10
Std of forecast error 0.3329 0.3737 −4.00
Std of sales growth 0.1104 0.1037 1.24
Std of profitability 0.0322 0.0480 −14.73
Std of carbon intensity 0.0737 0.0503 1.09
Correlation of sales growth, profitability 0.1222 0.6676 −18.32
Correlation of sales growth, carbon intensity −0.1480 −0.0714 −3.43
Correlation of profitability, carbon intensity −0.1039 −0.2071 4.72
Correlation of profitability, forecast error 0.1877 0.2259 −1.94
Correlation of carbon intensity, forecast error −0.0106 −0.0135 0.11
Correlation of sales growth, forecast error 0.1333 0.0609 29.98
Prob of meeting forecast 0.5703 0.5638 2.87
Prob. of just meeting to prob. of just missing 1.4864 1.4668 6.10

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.13%
Mean carbon abatement cost increase from short-termism 3.37%
∆ Firm profits without short-termism −3.45%
∆ Carbon emissions without short-termism −1.44%

Notes: The table reports the SMM results based on a model with accruals manipulation. Panel A shows
the parameter estimates using efficient moment weighting. Panel B documents a comparison of the
actual data moments with the simulated moments using the optimal parameter vector θ̂SMM . Model
moments use a panel of 1,000 firms and 25 years. Standard errors are clustered at the firm level and
reported rounded to the fourth decimal. Panel C documents the optimal short-term incentives θ∗π , and
computes the quantitative impacts of short-termism on the mean carbon abatement cost, firm profits,
and carbon emissions.
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TABLE A.10
Allowing for private firms: Quantitative impacts

Optimal Short-Term Carbon Abatement ∆ Firm ∆ Carbon
Incentives, θ∗π (%) Cost Increase (%) Profits (%) Emissions (%)

Baseline estimates 0.24 6.90 −0.43 −2.19
Private firms, same intensity 0.20 5.93 −0.37 −1.88
Private firms, +10% 0.20 5.85 −0.37 −1.86
Private firms, +25% 0.20 5.73 −0.36 −1.82
Private firms, +50% 0.19 5.55 −0.35 −1.76
Private firms, +100% 0.18 5.21 −0.33 −1.65

Notes: The table reports the quantitative impact of allowing private firms in the model. The first row
documents the baseline estimates, while the remaining rows document the quantitative impact of short-
termism under different scenarios. Carbon emissions data for private firms are not available. Based on
U.S. Census data, I estimate that private firms account for 13.75% of total sales between 2006 and 2019.
Assuming relative carbon intensities for public and private firms, I calibrate the mass of private firms
mpr in the model to match the real-world carbon emissions shares for public and private firms under
each scenario. I examine various conservative scenarios, ranging from assuming that private firms
are as carbon-intensive as public firms to assuming that private firms are twice as carbon-intensive as
public firms. Quantitative impacts are calculated as the average across private and public firms, with
weights of mpr and 1−mpr for private and public firms, respectively.
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TABLE A.11
Model robustness: Alternative cost function

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.9286 0.0013
Std of sales shock σz 0.0850 0.0011
Std of observed profit shock σε 0.0087 0.0006
Std of unobserved profit shock σν 0.0069 0.0006
Private cost of managers ϕe −0.2413 0.0017
Cost of carbon abatement ψ 0.0121 0.0006
Future cost of carbon α 1.7343 0.0005
Std of measurement error in carbon emissions σe 0.0369 0.0105
Curvature of cost function γ 1.5005 0.0006

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.1746 0.1613 0.64
Std of forecast error 0.3329 0.4291 −9.53
Std of sales growth 0.1104 0.0975 2.11
Std of profitability 0.0322 0.0418 −8.85
Std of carbon intensity 0.0737 0.0394 1.63
Correlation of sales growth, profitability 0.1222 0.5989 −12.40
Correlation of sales growth, carbon intensity −0.1480 −0.0783 −3.30
Correlation of profitability, carbon intensity −0.1039 −0.2346 4.76
Correlation of profitability, forecast error 0.1877 0.1577 1.45
Correlation of carbon intensity, forecast error −0.0106 0.0156 −0.64
Correlation of sales growth, forecast error 0.1333 −0.0414 21.13
Prob of meeting forecast 0.5703 0.5692 0.48
Prob. of just meeting to prob. of just missing 1.4864 1.4705 3.77

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.18%
Mean carbon abatement cost increase from short-termism 5.77%
∆ Firm profits without short-termism −0.43%
∆ Carbon emissions without short-termism −2.20%

Notes: The table reports the SMM results based on a model with an alternative cost function. Panel
A shows the parameter estimates using efficient moment weighting. Panel B documents a comparison
of the actual data moments with the simulated moments using the optimal parameter vector θ̂SMM .
Model moments use a panel of 1,000 firms and 25 years. Standard errors are clustered at the firm level
and reported rounded to the fourth decimal. Panel C documents the optimal short-term incentives
θ∗π , and computes the quantitative impacts of short-termism on the mean carbon abatement cost, firm
profits, and carbon emissions.
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TABLE A.12
Model robustness: Full sample

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.8143 0.0380
Std of sales shock σz 0.2887 0.0113
Std of observed profit shock σε 0.0060 0.0032
Std of unobserved profit shock σν 0.0091 0.0066
Private cost of managers ϕe −1.0617 0.3945
Cost of carbon abatement ψ 0.0019 0.0002
Future cost of carbon α 4.9721 0.2501
Std of measurement error in carbon emissions σe 0.0302 0.0097

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.1273 0.0933 3.25
Std of forecast error 0.4352 0.2939 39.33
Std of sales growth 0.1540 0.3121 −45.45
Std of profitability 0.3439 0.1798 0.02
Std of carbon intensity 0.0720 0.0399 2.56
Correlation of sales growth, profitability 0.1696 0.7983 −6.99
Correlation of sales growth, carbon intensity −0.0884 −0.1324 2.21
Correlation of profitability, carbon intensity 0.0970 −0.2836 4.51
Correlation of profitability, forecast error 0.1331 0.0649 4.49
Correlation of carbon intensity, forecast error 0.0021 −0.0105 0.32
Correlation of sales growth, forecast error 0.1489 0.0406 15.23
Prob of meeting forecast 0.5653 0.5797 −5.32
Prob. of just meeting to prob. of just missing 1.5288 1.4893 5.27

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.41%
Mean carbon abatement cost increase from short-termism 12.65%
∆ Firm profits without short-termism −0.55%
∆ Carbon emissions without short-termism −4.02%

Notes: The table reports the SMM results based on the full sample including imputed and non-imputed
carbon emissions. Panel A shows the parameter estimates using efficient moment weighting. Panel B
documents a comparison of the actual data moments with the simulated moments using the optimal
parameter vector θ̂SMM . Model moments use a panel of 1,000 firms and 25 years. Standard errors are
clustered at the firm level and reported rounded to the fourth decimal. Panel C documents the optimal
short-term incentives θ∗π , and computes the quantitative impacts of short-termism on the mean carbon
abatement cost, firm profits, and carbon emissions.
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TABLE A.13
Model robustness: Before 2015 Paris Agreement

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.9197 0.0074
Std of sales shock σz 0.0724 0.0044
Std of observed profit shock σε 0.0065 0.0063
Std of unobserved profit shock σν 0.0067 0.0027
Private cost of managers ϕe −0.3017 0.0016
Cost of carbon abatement ψ 0.0028 0.0002
Future cost of carbon α 1.3479 0.0242
Std of measurement error in carbon emissions σe 0.0503 0.0092

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.1715 0.1587 0.55
Std of forecast error 0.2844 0.3033 −2.61
Std of sales growth 0.0959 0.0840 1.71
Std of profitability 0.0227 0.0243 −1.02
Std of carbon intensity 0.0628 0.0510 0.87
Correlation of sales growth, profitability 0.1417 0.6666 −15.11
Correlation of sales growth, carbon intensity −0.1691 −0.0452 −4.41
Correlation of profitability, carbon intensity −0.0090 −0.1105 4.40
Correlation of profitability, forecast error 0.1165 0.2698 −10.50
Correlation of carbon intensity, forecast error 0.0591 0.0008 1.26
Correlation of sales growth, forecast error 0.1741 0.0074 3.76
Prob of meeting forecast 0.5829 0.5440 4.75
Prob. of just meeting to prob. of just missing 1.4198 1.3351 5.24

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.26%
Mean carbon abatement cost increase from short-termism 11.42%
∆ Firm profits without short-termism −0.89%
∆ Carbon emissions without short-termism −3.35%

Notes: The table reports the SMM results based on the before-2015-Paris-Agreement sample. Panel A
shows the parameter estimates using efficient moment weighting. Panel B documents a comparison
of the actual data moments with the simulated moments using the optimal parameter vector θ̂SMM .
Model moments use a panel of 1,000 firms and 25 years. Standard errors are clustered at the firm level
and reported rounded to the fourth decimal. Panel C documents the optimal short-term incentives
θ∗π , and computes the quantitative impacts of short-termism on the mean carbon abatement cost, firm
profits, and carbon emissions.
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TABLE A.14
Model robustness: After 2015 Paris Agreement

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.9357 0.0012
Std of sales shock σz 0.0894 0.0003
Std of observed profit shock σε 0.0094 0.0000
Std of unobserved profit shock σν 0.0064 0.0006
Private cost of managers ϕe −0.2057 0.0029
Cost of carbon abatement ψ 0.0076 0.0008
Future cost of carbon α 1.4124 0.0016
Std of measurement error in carbon emissions σe 0.0638 0.0094

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.1799 0.2203 −2.46
Std of forecast error 0.3265 0.4644 −11.44
Std of sales growth 0.1104 0.1010 1.24
Std of profitability 0.0267 0.0416 −4.44
Std of carbon intensity 0.0667 0.0678 −0.07
Correlation of sales growth, profitability 0.0366 0.6807 −8.52
Correlation of sales growth, carbon intensity −0.1164 −0.0551 −1.45
Correlation of profitability, carbon intensity −0.1059 −0.1530 0.70
Correlation of profitability, forecast error 0.2470 0.1736 1.46
Correlation of carbon intensity, forecast error −0.1799 0.0101 −2.39
Correlation of sales growth, forecast error 0.0903 −0.0145 2.01
Prob of meeting forecast 0.5576 0.5884 −13.18
Prob. of just meeting to prob. of just missing 1.5525 1.7397 −15.03

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.19%
Mean carbon abatement cost increase from short-termism 5.90%
∆ Firm profits without short-termism −0.43%
∆ Carbon emissions without short-termism −1.88%

Notes: The table reports the SMM results based on the after-2015-Paris-Agreement sample. Panel A
shows the parameter estimates using efficient moment weighting. Panel B documents a comparison
of the actual data moments with the simulated moments using the optimal parameter vector θ̂SMM .
Model moments use a panel of 1,000 firms and 25 years. Standard errors are clustered at the firm level
and reported rounded to the fourth decimal. Panel C documents the optimal short-term incentives
θ∗π , and computes the quantitative impacts of short-termism on the mean carbon abatement cost, firm
profits, and carbon emissions.
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TABLE A.15
Model robustness: High-emissions sample

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.8455 0.0015
Std of sales shock σz 0.0773 0.0016
Std of observed profit shock σε 0.0137 0.0017
Std of unobserved profit shock σν 0.0129 0.0006
Private cost of managers ϕe −0.2664 0.0020
Cost of carbon abatement ψ 0.0143 0.0004
Future cost of carbon α 1.0814 0.0016
Std of measurement error in carbon emissions σe 0.0969 0.0200

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.3368 0.2944 1.16
Std of forecast error 0.4001 0.4096 −0.66
Std of sales growth 0.1206 0.0876 4.53
Std of profitability 0.0361 0.0394 −1.19
Std of carbon intensity 0.1281 0.0964 1.27
Correlation of sales growth, profitability 0.1626 0.6601 −13.53
Correlation of sales growth, carbon intensity −0.1427 −0.0485 −3.13
Correlation of profitability, carbon intensity −0.1069 −0.0737 −0.66
Correlation of profitability, forecast error 0.2315 0.5041 −10.48
Correlation of carbon intensity, forecast error −0.0278 0.0016 −0.53
Correlation of sales growth, forecast error 0.1028 0.1038 −0.06
Prob of meeting forecast 0.5315 0.5605 −14.77
Prob. of just meeting to prob. of just missing 1.3469 1.2314 9.42

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.69%
Mean carbon abatement cost increase from short-termism 12.40%
∆ Firm profits without short-termism −1.54%
∆ Carbon emissions without short-termism −3.90%

Notes: The table reports the SMM results based on the above-median-carbon-intensity sample. Panel
A shows the parameter estimates using efficient moment weighting. Panel B documents a comparison
of the actual data moments with the simulated moments using the optimal parameter vector θ̂SMM .
Model moments use a panel of 1,000 firms and 25 years. Standard errors are clustered at the firm level
and reported rounded to the fourth decimal. Panel C documents the optimal short-term incentives
θ∗π , and computes the quantitative impacts of short-termism on the mean carbon abatement cost, firm
profits, and carbon emissions.
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TABLE A.16
Model robustness: Low-emissions sample

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.8330 0.0171
Std of sales shock σz 0.1003 0.0000
Std of observed profit shock σε 0.0209 0.0029
Std of unobserved profit shock σν 0.0053 0.0021
Private cost of managers ϕe −1.7178 0.1242
Cost of carbon abatement ψ 0.0001 0.0000
Future cost of carbon α 7.3371 0.1588
Std of measurement error in carbon emissions σe 0.0043 0.0003

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.0223 0.0259 −5.30
Std of forecast error 0.2389 0.2757 −2.78
Std of sales growth 0.0881 0.1122 −3.06
Std of profitability 0.0252 0.0322 −3.10
Std of carbon intensity 0.0040 0.0046 −5.63
Correlation of sales growth, profitability 0.0945 0.6086 −7.76
Correlation of sales growth, carbon intensity −0.1633 −0.1114 −1.03
Correlation of profitability, carbon intensity −0.1826 −0.2112 0.53
Correlation of profitability, forecast error 0.0939 0.5675 −26.57
Correlation of carbon intensity, forecast error 0.0112 −0.0203 1.18
Correlation of sales growth, forecast error 0.2273 0.056 4.18
Prob of meeting forecast 0.6092 0.5581 9.70
Prob. of just meeting to prob. of just missing 1.6057 1.3992 5.81

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.59%
Mean carbon abatement cost increase from short-termism 14.45%
∆ Firm profits without short-termism −0.29%
∆ Carbon emissions without short-termism −2.14%

Notes: The table reports the SMM results based on the below-median-carbon-intensity sample. Panel
A shows the parameter estimates using efficient moment weighting. Panel B documents a comparison
of the actual data moments with the simulated moments using the optimal parameter vector θ̂SMM .
Model moments use a panel of 1,000 firms and 25 years. Standard errors are clustered at the firm level
and reported rounded to the fourth decimal. Panel C documents the optimal short-term incentives
θ∗π , and computes the quantitative impacts of short-termism on the mean carbon abatement cost, firm
profits, and carbon emissions.
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TABLE A.17
Model robustness: High-tangible-assets sample

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.9126 0.0023
Std of sales shock σz 0.0956 0.0061
Std of observed profit shock σε 0.0082 0.0013
Std of unobserved profit shock σν 0.0078 0.0010
Private cost of managers ϕe −0.2416 0.0261
Cost of carbon abatement ψ 0.0090 0.0005
Future cost of carbon α 1.3699 0.0259
Std of measurement error in carbon emissions σe 0.0162 0.0032

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.2397 0.2353 0.14
Std of forecast error 0.3271 0.3773 −3.44
Std of sales growth 0.1170 0.1109 1.45
Std of profitability 0.0335 0.0455 −4.38
Std of carbon intensity 0.1011 0.0224 2.26
Correlation of sales growth, profitability 0.1527 0.7128 −12.20
Correlation of sales growth, carbon intensity −0.1784 −0.1960 0.98
Correlation of profitability, carbon intensity −0.1443 −0.5314 7.46
Correlation of profitability, forecast error 0.2183 0.2358 −0.25
Correlation of carbon intensity, forecast error −0.0762 −0.0230 −1.01
Correlation of sales growth, forecast error 0.1326 0.0720 2.02
Prob of meeting forecast 0.5659 0.5496 5.43
Prob. of just meeting to prob. of just missing 1.3734 1.2381 6.79

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.23%
Mean carbon abatement cost increase from short-termism 8.28%
∆ Firm profits without short-termism −0.70%
∆ Carbon emissions without short-termism −2.51%

Notes: The table reports the SMM results based on the above-median-tangible-assets sample. Panel A
shows the parameter estimates using efficient moment weighting. Panel B documents a comparison
of the actual data moments with the simulated moments using the optimal parameter vector θ̂SMM .
Model moments use a panel of 1,000 firms and 25 years. Standard errors are clustered at the firm level
and reported rounded to the fourth decimal. Panel C documents the optimal short-term incentives
θ∗π , and computes the quantitative impacts of short-termism on the mean carbon abatement cost, firm
profits, and carbon emissions.
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TABLE A.18
Model robustness: Low-tangible-assets sample

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.9236 0.0032
Std of sales shock σz 0.0801 0.0047
Std of observed profit shock σε 0.0079 0.0012
Std of unobserved profit shock σν 0.0061 0.0051
Private cost of managers ϕe −0.2835 0.0161
Cost of carbon abatement ψ 0.0044 0.0004
Future cost of carbon α 1.8903 0.0702
Std of measurement error in carbon emissions σe 0.0568 0.0100

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.1107 0.1663 −3.28
Std of forecast error 0.3143 0.4174 −7.07
Std of sales growth 0.0994 0.0924 1.05
Std of profitability 0.0289 0.0378 −3.39
Std of carbon intensity 0.0476 0.0583 −0.97
Correlation of sales growth, profitability 0.0876 0.6941 −10.30
Correlation of sales growth, carbon intensity −0.0518 −0.0433 −0.19
Correlation of profitability, carbon intensity 0.0040 −0.1136 2.54
Correlation of profitability, forecast error 0.1784 0.2476 −2.06
Correlation of carbon intensity, forecast error 0.0637 −0.0038 2.88
Correlation of sales growth, forecast error 0.1573 0.0595 2.44
Prob of meeting forecast 0.5748 0.5795 −0.82
Prob. of just meeting to prob. of just missing 1.6176 1.6326 −0.66

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.17%
Mean carbon abatement cost increase from short-termism 5.98%
∆ Firm profits without short-termism −0.43%
∆ Carbon emissions without short-termism −1.89%

Notes: The table reports the SMM results based on the below-median-tangible-assets sample. Panel A
shows the parameter estimates using efficient moment weighting. Panel B documents a comparison
of the actual data moments with the simulated moments using the optimal parameter vector θ̂SMM .
Model moments use a panel of 1,000 firms and 25 years. Standard errors are clustered at the firm level
and reported rounded to the fourth decimal. Panel C documents the optimal short-term incentives
θ∗π , and computes the quantitative impacts of short-termism on the mean carbon abatement cost, firm
profits, and carbon emissions.
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TABLE A.19
Model robustness: Young CEOs

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.8972 0.0069
Std of sales shock σz 0.0784 0.0038
Std of observed profit shock σε 0.0058 0.0039
Std of unobserved profit shock σν 0.0055 0.0016
Private cost of managers ϕe −0.2553 0.1727
Cost of carbon abatement ψ 0.0060 0.0003
Future cost of carbon α 1.6670 0.0412
Std of measurement error in carbon emissions σe 0.0970 0.0381

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.2070 0.1942 0.30
Std of forecast error 0.3404 0.2897 2.69
Std of sales growth 0.0980 0.0911 1.22
Std of profitability 0.0253 0.0361 −6.25
Std of carbon intensity 0.1071 0.0958 0.30
Correlation of sales growth, profitability 0.0655 0.7371 −10.49
Correlation of sales growth, carbon intensity −0.2098 −0.0399 −7.09
Correlation of profitability, carbon intensity −0.1082 −0.0900 −0.32
Correlation of profitability, forecast error 0.2181 0.1316 1.16
Correlation of carbon intensity, forecast error −0.0873 −0.0102 −1.11
Correlation of sales growth, forecast error 0.1049 0.0091 3.41
Prob of meeting forecast 0.5859 0.5566 4.32
Prob. of just meeting to prob. of just missing 1.5763 1.3236 12.71

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.14%
Mean carbon abatement cost increase from short-termism 7.68%
∆ Firm profits without short-termism −0.46%
∆ Carbon emissions without short-termism −2.13%

Notes: The table reports the SMM results based on the young CEOs sample. Panel A shows the param-
eter estimates using efficient moment weighting. Panel B documents a comparison of the actual data
moments with the simulated moments using the optimal parameter vector θ̂SMM . Model moments
use a panel of 1,000 firms and 25 years. Standard errors are clustered at the firm level and reported
rounded to the fourth decimal. Panel C documents the optimal short-term incentives θ∗π , and computes
the quantitative impacts of short-termism on the mean carbon abatement cost, firm profits, and carbon
emissions.
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TABLE A.20
Model robustness: Old CEOs

Panel A: Estimated parameters Symbol Estimate Std. Error

Persistence of sales ρ 0.9226 0.0008
Std of sales shock σz 0.0658 0.0003
Std of observed profit shock σε 0.0102 0.0055
Std of unobserved profit shock σν 0.0079 0.0010
Private cost of managers ϕe −0.2359 0.0277
Cost of carbon abatement ψ 0.0060 0.0002
Future cost of carbon α 1.5930 0.0081
Std of measurement error in carbon emissions σe 0.0969 0.0110

Panel B: Targeted moments Data Model t-stat

Mean carbon intensity 0.1611 0.1965 −1.69
Std of forecast error 0.3020 0.4145 −10.45
Std of sales growth 0.1056 0.0761 3.89
Std of profitability 0.0293 0.0324 −1.13
Std of carbon intensity 0.0610 0.0953 −2.93
Correlation of sales growth, profitability 0.1220 0.6574 −18.78
Correlation of sales growth, carbon intensity −0.1016 −0.0278 −2.64
Correlation of profitability, carbon intensity −0.1260 −0.0642 −1.50
Correlation of profitability, forecast error 0.1932 0.3526 −9.81
Correlation of carbon intensity, forecast error 0.0146 −0.0026 0.68
Correlation of sales growth, forecast error 0.1649 0.0586 6.11
Prob of meeting forecast 0.5641 0.5632 0.33
Prob. of just meeting to prob. of just missing 1.4554 1.3307 10.47

Panel C: Quantitative Impacts

Optimal short-term incentives, θ∗π 0.23%
Mean carbon abatement cost increase from short-termism 6.53%
∆ Firm profits without short-termism −0.44%
∆ Carbon emissions without short-termism −2.02%

Notes: The table reports the SMM results based on the old CEOs sample. Panel A shows the param-
eter estimates using efficient moment weighting. Panel B documents a comparison of the actual data
moments with the simulated moments using the optimal parameter vector θ̂SMM . Model moments
use a panel of 1,000 firms and 25 years. Standard errors are clustered at the firm level and reported
rounded to the fourth decimal. Panel C documents the optimal short-term incentives θ∗π , and computes
the quantitative impacts of short-termism on the mean carbon abatement cost, firm profits, and carbon
emissions.
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TABLE A.21
Parameter robustness

Optimal Short-Term Carbon Abatement ∆ Firm ∆ Carbon
Incentives, θ∗π (%) Cost Increase (%) Profits (%) Emissions (%)

Baseline estimates 0.24 6.90 −0.43 −2.19
High persistence of sales, ρ 0.24 6.92 −0.44 −2.19
Low persistence of sales, ρ 0.24 6.87 −0.43 −2.18
High std of sales shock, σz 0.24 6.90 −0.44 −2.19
Low std of sales shock, σz 0.24 6.86 −0.43 −2.18
High std of observed profit shock, σε 0.25 6.68 −0.41 −2.12
Low std of observed profit shock, σε 0.24 8.53 −0.48 −2.57
High std of unobserved profit shock, σν 0.30 8.59 −0.49 −2.65
Low std of unobserved profit shock, σν 0.21 6.10 −0.37 −2.01
High private cost of managers, ϕe 0.39 11.19 −0.88 −3.41
Low private cost of managers, ϕe 0.14 4.28 −0.14 −1.39
High cost of carbon abatement, ψ 0.24 6.86 −0.35 −2.18
Low cost of carbon abatement, ψ 0.24 7.07 −0.62 −2.24
High future cost of carbon, α 0.22 6.34 −0.28 −2.01
Low future cost of carbon, α 0.27 7.68 −0.76 −2.42
High std of measurement error in carbon emissions, σe 0.24 6.90 −0.43 −2.16
Low std of measurement error in carbon emissions, σe 0.24 6.90 −0.43 −2.20

Notes: The table reports the quantitative impacts from individually changing the estimated parameters
from Panel A of Table 2.2 by one standard error. Optimal Short-Term Incentives, θ∗π (%), are the firm
value maximizing short-term incentives chosen by the board of directors. Carbon Abatement Cost
Increase (%) is the mean percentage increase in carbon abatement cost due to short-term incentives
θπ > 0. ∆ Firm Profits (%) is the counterfactual percentage change in firm profits when short-term
incentives are removed from managers’ contracts (θπ = 0). Similarly, ∆ Carbon Emissions (%) reports
the counterfactual percentage change in carbon emissions in an economy without short-termism.
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B.1 Heatmaps of Total Opioid Overdoses

1999 2010

2014 2019

FIGURE B.1
Heatmaps of total opioid overdoses by county

Notes: The figure illustrates the geographic distribution of the total number of opioid overdose deaths
per 100,000 residents for selected years: 1999, 2010, 2014, and 2019. The data are obtained from the
National Vital Statistics System (NVSS). Total opioid overdose deaths are identified using ICD-10 un-
derlying cause of death codes X40–X44, X60–X64, X85, and Y10–Y14 together with drug identification
codes T40.1–T40.4.
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B.2 Variation in Social Proximity to the Opioid Epidemic

FIGURE B.2
Geographic distribution of social proximity by county

Notes: The figure depicts the average Social Proximity to total opioid overdose deaths across counties
between 1999 and 2019. We residualize Social Proximity with respect to Physical Proximity and plot the
tercile ranks for residualized Social Proximity. Darker areas correspond to counties with high Social
Proximity that cannot be explained by Physical Proximity.
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B.3 Year-Specific Effect of Social Proximity
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FIGURE B.3
Spatial spread of opioid epidemic: Time-varying heterogeneity

Notes: The figure illustrates coefficient estimates along with 95% confidence bands from interacting
social proximity with a full set of year dummies. The dependent variable in Panel A is total opioid
overdose deaths (T40.1–T40.4), Panel B considers prescription opioid deaths (T40.2+T40.3), Panel C fo-
cuses on heroin overdose deaths (T40.1), and Panel D concerns combined heroin and fentanyl overdose
deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. The regressions include
state-by-year and county fixed effects as well as socioeconomic control variables. Standard errors are
clustered at the state level.
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B.4 Robustness: Baseline Regressions

TABLE B.1
Overdose deaths and social proximity: Distance restrictions

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

Panel A: Distance > 50 miles
Social Proximityt−1 0.824*** 0.150 0.215*** 0.502***

(0.268) (0.095) (0.072) (0.182)
Physical Proximityt−1 2.294** 1.315*** 1.239** 1.688*

(1.005) (0.323) (0.468) (0.929)
Dependent Variablet−1 0.554*** 0.309*** 0.619*** 0.729***

(0.048) (0.029) (0.023) (0.052)

Dependent Mean 7.23 3.85 2.02 4.04
N 60597 60597 60597 60597
R2 0.290 0.101 0.386 0.456

Panel B: Distance > 100 miles
Social Proximityt−1 0.675*** -0.038 0.180** 0.398***

(0.250) (0.103) (0.068) (0.146)
Physical Proximityt−1 1.678 0.883** 0.804* 0.852

(1.205) (0.358) (0.438) (1.165)
Dependent Variablet−1 0.558*** 0.312*** 0.625*** 0.736***

(0.047) (0.029) (0.024) (0.050)

N 60597 60597 60597 60597
R2 0.288 0.099 0.382 0.453

Notes: The table shows results from fixed effects panel regressions. Social Proximity measures a
county’s network exposure to the opioid epidemic. Physical Proximity captures a county’s distance-
weighted exposure to the opioid epidemic. Panels A and B implement different restrictions on the
physical proximity of county pairs when computing the social proximity measure. The dependent
variable in specification (1) is total opioid overdose deaths (T40.1-T40.4), specification (2) considers
prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses on heroin overdose deaths
(T40.1), and specification (4) concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4).
The dependent variables are expressed per 100,000 residents. Control variables are included as in Table
3.2, column (7). All regressions are population-weighted and include state-by-year as well as county
fixed effects. Standard errors are clustered at the state level and in parentheses. *, **, and *** denote
significance at the 10%, 5%, and 1% levels, respectively.
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B.5 Incremental within-R2

TABLE B.2
Incremental within-R2

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

Dependent Variablet−1 20.476 8.003 23.893 30.123
Social Proximityt−1 1.066 0.540 0.995 0.755
Physical Proximityt−1 0.014 0.073 0.049 0.005
Non-Hispanic White 0.082 0.112 0.007 0.027
Non-Hispanic Black 0.026 0.032 -0.000 0.008
Age 15-24 0.000 0.003 0.006 0.000
Age 25-44 0.065 0.003 0.033 0.070
Age 45-64 0.051 0.043 0.002 0.027
Age 65-84 0.002 0.001 0.002 0.000
Age 85+ 0.001 0.248 0.002 0.002
log(Per Capita Income) 0.387 0.004 0.557 0.336
Unemployment Rate 0.024 0.000 -0.004 0.027

Notes: The table shows the incremental within-R2 for the variables employed in the regressions of
Table 3.3. The dependent variable in specification (1) is total opioid overdose deaths (T40.1-T40.4),
specification (2) considers prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses
on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and fentanyl over-
dose deaths (T40.1+T40.4). All regressions are population-weighted and include state-by-year as well
as county fixed effects. The incremental within-R2 is reported in percent and defined as the difference
in the within-R2 using the full set of variables and the within-R2 using the full set of variables except
the variable in the respective row.

In Table B.2 we document the incremental within-R2 of the regressors employed
in our baseline regressions of Table 3.3. The incremental within-R2 is reported in per-
cent and defined as the difference in the within-R2 using the full set of variables and
the within-R2 using the full set of variables except the variable in the respective row.
Hence, it measures how much of the within-county variation in overdose deaths is
explained by the variable under consideration.
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B.6 Introduction Dates of Must-Access PDMPs

TABLE B.3
Must-access PDMP introduction dates

State Effective Date

Arizona 2017m10
Arkansas 2017m1
California 2018m4
Connecticut 2015m10
Delaware 2012m3
Georgia 2014m7
Illinois 2018m1
Indiana 2014m7
Kentucky 2012m7
Louisiana 2008m1
Maryland 2018m7
Massachusetts 2014m7
Minnesota 2017m1
Nevada 2007m10
New Hampshire 2016m1
New Jersey 2015m11
New Mexico 2012m9
New York 2013m8
Ohio 2012m3
Oklahoma 2011m3
Pennsylvania 2017m1
Rhode Island 2016m6
South Carolina 2017m5
Tennessee 2013m7
Utah 2017m5
Vermont 2015m5
Virginia 2015m7
West Virginia 2012m6
Wisconsin 2017m4

Notes: The table shows the start dates of must-access PDMP laws enacted until the beginning of 2019.
The dates are obtained from Sacks et al. (2021).
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B.7 Direct Effect of Must-Access PDMPs: Estimates based
on Callaway and Sant’Anna (2021)

TABLE B.4
Must-access PDMPs: Direct effect

Opioid
Presc.

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP -0.045** 1.381* -0.505 0.731** 2.027***
(0.023) (0.769) (0.491) (0.326) (0.733)

Year FE Yes Yes Yes Yes Yes
County FE Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes
N 29655 39864 39864 39864 39864

Notes: The table shows the direct effect of must-access PDMPs based on Callaway and Sant’Anna
(2021). PDMP is a dummy variable which is equal to one if a state has enacted a must-access PDMP
law. Opioid prescriptions per capita is the dependent variable in specification (1), specification (2) cov-
ers total opioid overdose deaths (T40.1-T40.4), specification (3) considers prescription opioid overdose
deaths (T40.2+T40.3), specification (4) focuses on heroin overdose deaths (T40.1), and specification (5)
concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). The overdose measures are
expressed per 100,000 residents. All regressions are population-weighted and include year as well as
county fixed effects. We flexibly control for local economic conditions as well as the direct effect of
the 2010 OxyContin reformulation by interacting the county-level oxycodone prescription rate between
2006 and 2009 with a post-2010 dummy. Standard errors are clustered at the state level and in paren-
theses. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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B.8 Summary Statistics Conditional on PDMP Network
Exposure

TABLE B.5
Summary statistics conditional on PDMP network exposure

Mean in 1999 ∆ from 1999 to 2019

All Counties
∆Exposure
> Median

∆Exposure
< Median All Counties

∆Exposure
> Median

∆Exposure
< Median

Overdose Deaths

Total Opioids (T40.1-T40.4) 1.01 1.35 0.67 8.61 12.74 4.50

Prescription Opioids (T40.2+T40.3) 0.62 0.84 0.41 2.46 3.50 1.42

Heroin (T40.1) 0.17 0.32 0.02 1.50 2.65 0.35

Heroin+Fentanyl (T40.1+T40.4) 0.37 0.56 0.17 6.43 10.52 2.34

Total Population 9.21 16.56 1.88 1.62 3.18 0.06

Population (%)

0-14 20.93 20.98 20.87 -2.80 -3.07 -2.53

15-24 13.55 13.84 13.27 -1.19 -1.05 -1.33

25-44 27.81 29.07 26.56 -4.18 -4.65 -3.72

45-64 22.92 22.74 23.10 3.27 3.51 3.03

65-84 12.89 11.81 13.97 4.40 4.69 4.12

85+ 1.90 1.57 2.23 0.50 0.57 0.43

Race (%)

Non-Hispanic White 83.11 83.34 82.89 -5.89 -6.43 -5.35

Non-Hispanic Black 9.67 8.65 10.81 0.72 0.97 0.45

Hispanic 5.71 5.73 5.70 4.01 4.22 3.81

Other 2.14 2.34 1.91 1.12 1.24 0.99

Per Capita Income 22.70 24.55 20.86 22.93 23.40 22.47

Unemployment Rate (%) 4.93 4.57 5.29 -0.96 -0.67 -1.25

Notes: The table reports county-level summary statistics. The first three columns display means in
the year 1999 for different groups of counties. The last three columns report changes from 1999 to
2019 for different groups of counties. ∆ Exposure > Median (∆ Exposure < Median) refers to set of
counties for which the change in the network exposure to must-access PDMPs between 1999 and 2019
is greater (smaller) than the sample median. All death variables are normalized by county population
and expressed per 100,000 residents. Per-capita income is expressed in thousands of dollars, while total
population is measured in 106.

Table B.5 presents summary statistics for (i) all counties, (ii) counties with an above
median change in must-access PDMP network exposure, and (iii) counties with a be-
low median change in must-access PDMP network exposure. The sample ranges from
1999 to 2019. Thus, we observe sufficiently many years before the first and last must-
access PDMP introduction in 2007 and 2019, respectively. The first three columns indi-
cate that there are some level differences between counties that saw larger increases in
must-access PDMP network exposure and counties that saw smaller increases. Coun-
ties that experienced larger increases had more opioid overdose deaths, were larger
in terms of population size, and had higher per-capita incomes in 1999. As our iden-
tification exploits changes over time, these level differences are not too worrisome.
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We observe only small level differences in population age group shares, racial shares,
and labor markets. To further illustrate the data, columns (4) to (6) present changes in
means from 1999 to 2019. Regarding the overdose measures the changes are larger in
absolute and relative terms for counties with an above-median change in must-access
PDMP network exposure. Nevertheless, the changes for counties with above and be-
low median change in must-access PDMP network exposure have the same sign in
general.
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B.9 Robustness of Results: Must-Access PDMPs
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FIGURE B.4
Matched sample analysis: Friendship network exposure to out-of-state PDMPs

Notes: The figure illustrates dynamic difference-in-differences coefficients along with 95% confidence
bands using different outcome variables. For each out-of-state PDMP introduction, we define treated
counties as those with above-average social proximity to the event. We then match each treated county
to a similar control county based on pre-treatment characteristics, including opioid death rates, unem-
ployment, income, and opioid prescription levels. We stack all 29 events and reestimate our regressions
on the matched sample. The dependent variable in Panel A is total opioid overdose deaths (T40.1-
T40.4), Panel B considers prescription opioid deaths (T40.2+T40.3), Panel C focuses on heroin overdose
deaths (T40.1), and Panel D concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). All
death counts are expressed per 100,000 residents. The regressions include event-by-state-by-year and
event-by-county fixed effects. We flexibly control for demographic and local economic conditions as
well as the direct effect of the 2010 OxyContin reformulation by interacting the county-level oxycodone
prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions are population-
weighted. Standard errors are clustered at the state level.
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Panel D: Heroin+Fentanyl (T40.1+T40.4)

FIGURE B.5
Effect of friendship network exposure to out-of-state PDMPs across placebo

experiments
Notes: The figure illustrates the distribution of t-statistics across 500 placebo experiments. In each
placebo experiment, we randomly assign social connections between county pairs. We then recon-
struct the out-of-state PDMP network exposure variable and estimate Equation (3.7). The dependent
variable in Panel A is total opioid overdose deaths (T40.1–T40.4), Panel B considers prescription opioid
deaths (T40.2+T40.3), Panel C focuses on heroin overdose deaths (T40.1), and Panel D concerns com-
bined heroin and fentanyl overdose deaths (T40.1+T40.4). The solid line corresponds to the t-statistic of
the estimated effect using the true social connections.
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TABLE B.6
Must-access PDMPs robustness: Discard counties with own PDMP

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

Panel A: Discard any PDMP-implementing county
PDMP NetExposure 1.282** 0.179 0.540*** 1.320***

(0.502) (0.131) (0.147) (0.433)

Dependent Mean 6.78 3.88 1.68 3.35
N 24651 24651 24651 24651
R2 0.713 0.621 0.752 0.756

Panel B: Discard PDMP-implementing county after PDMP introduction
PDMP NetExposure 0.755** 0.071 0.429*** 0.784***

(0.302) (0.075) (0.129) (0.279)

Dependent Mean 6.11 3.79 1.54 2.78
N 44038 44038 44038 44038
R2 0.732 0.676 0.755 0.749

Notes: The table shows the indirect friendship network effect by excluding counties located in states
that introduce a must-access PDMP (Panel A) and by excluding observations belonging to counties lo-
cated in PDMP-implementing states after the PDMPs have been enacted (Panel B). PDMP NetExposure
measures the degree to which a county’s out-of-state social network is exposed to must-access PDMP
laws. The dependent variable in specification (1) is total opioid overdose deaths (T40.1-T40.4), spec-
ification (2) considers prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses on
heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and fentanyl overdose
deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for de-
mographic and local economic conditions as well as the 2010 OxyContin reformulation by interacting
the county-level oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The
regressions are population-weighted and include state as well as county fixed effects. Standard errors
are clustered at the state-by-year level. *, **, and *** denote significance at the 10%, 5%, and 1% levels,
respectively.
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TABLE B.7
Must-access PDMPs robustness: Geographically distant must-access PDMPs

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

Panel A: Discard PDMP-border counties
PDMP NetExposure 1.302** 0.183 0.665*** 1.360***

(0.515) (0.130) (0.164) (0.453)

Dependent Mean 6.79 3.95 1.69 3.32
N 21303 21303 21303 21303
R2 0.738 0.641 0.768 0.780

Panel B: Distance > 100 miles
PDMP NetExposure 0.496 0.008 0.404*** 0.638***

(0.288) (0.118) (0.086) (0.188)

Dependent Mean 6.34 4.05 1.34 2.70
N 13313 13313 13313 13313
R2 0.706 0.657 0.733 0.748

Notes: The table shows the indirect friendship network effect of geographically distant must-access
PDMPs. PDMP NetExposure measures the degree to which a county’s out-of-state social network is
exposed to must-access PDMP laws. In Panel A (B), we exclude all counties that neighbor (are less
than 100 miles away from) a PDMP-implementing state. The dependent variable in specification (1)
is total opioid overdose deaths (T40.1-T40.4), specification (2) considers prescription opioid overdose
deaths (T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification (4)
concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed
per 100,000 residents. We flexibly control for demographic and local economic conditions as well as
the 2010 OxyContin reformulation by interacting the county-level oxycodone prescription rate between
2006 and 2009 with a post-2010 dummy. The regressions are population-weighted and include state as
well as county fixed effects. Standard errors are clustered at the state-by-year level. *, **, and *** denote
significance at the 10%, 5%, and 1% levels, respectively.
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TABLE B.8
Must-access PDMPs robustness: Migration

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP NetExposure 1.114** 0.143 0.661*** 1.188***
(0.425) (0.106) (0.200) (0.386)

PDMP MigExposure -0.207 -0.005 -0.107* -0.228
(0.153) (0.047) (0.062) (0.163)

Dependent Mean 7.79 4.12 2.18 4.39
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 52858 52858 52858 52858
R2 0.759 0.670 0.753 0.779

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetExpo-
sure measures the degree to which a county’s out-of-state social network is exposed to must-access
PDMP laws. PDMP MigExposure controls for the impact of migration from PDMP-implementing
states. The dependent variable in specification (1) is total opioid overdose deaths (T40.1-T40.4), spec-
ification (2) considers prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses on
heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and fentanyl overdose
deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for de-
mographic and local economic conditions as well as the 2010 OxyContin reformulation by interacting
the county-level oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The re-
gressions are population-weighted and include state-by-year as well as county fixed effects. Standard
errors are clustered at the state level. *, **, and *** denote significance at the 10%, 5%, and 1% levels,
respectively.
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TABLE B.9
Matched sample summary statistics

High Exposure Low Exposure Difference t-stat

Total Opioids (T40.1-T40.4) 10.78 10.49 0.29 0.44

Opioid Prescriptions 0.76 0.76 0.00 -0.14

Log(Per Capita Income) 10.68 10.67 0.01 0.53

Unemployment Rate 5.87 5.88 0.01 0.14

Notes: The table documents group-specific means and differences for our matching variables. For
each out-of-state PDMP introduction, we define treated counties as those with above-average social
proximity to the event. We then match each treated county to a similar control county based on pre-
treatment characteristics, including opioid death rates, unemployment, income, and opioid prescription
levels.
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TABLE B.10
Must-access PDMPs robustness: Control for dynamic direct effect of OxyContin

reformulation

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP NetExposure 0.888** 0.148 0.545*** 0.923***
(0.387) (0.111) (0.171) (0.340)

Dependent Mean 7.79 4.12 2.18 4.39
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 52858 52858 52858 52858
R2 0.761 0.672 0.754 0.783

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetEx-
posure measures the degree to which a county’s out-of-state social network is exposed to must-access
PDMP laws. The dependent variable in specification (1) is total opioid overdose deaths (T40.1-T40.4),
specification (2) considers prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses
on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and fentanyl over-
dose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for
demographic and local economic conditions as well as the dynamic direct effect of the 2010 OxyContin
reformulation by interacting the county-level oxycodone prescription rate between 2006 and 2009 with
a full set of year dummies. The regressions are population-weighted and include state-by-year as well
as county fixed effects. Standard errors are clustered at the county level. *, **, and *** denote signifi-
cance at the 10%, 5%, and 1% levels, respectively.
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TABLE B.11
Must-access PDMPs robustness: Trim top 5%

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP NetExposure 0.663*** 0.153*** 0.291*** 0.611***
(0.103) (0.052) (0.030) (0.070)

Dependent Mean 4.37 2.49 0.35 1.32
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 50225 50213 50255 50227
R2 0.604 0.585 0.590 0.574

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetEx-
posure measures the degree to which a county’s out-of-state social network is exposed to must-access
PDMP laws. The dependent variable in specification (1) is total opioid overdose deaths (T40.1-T40.4),
specification (2) considers prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses
on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and fentanyl over-
dose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control
for demographic and local economic conditions as well as the 2010 OxyContin reformulation by inter-
acting the county-level oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy.
Before running the regressions, the top 5% observations based on the respective dependent variable are
discarded. The regressions are population-weighted and include state-by-year as well as county fixed
effects. Standard errors are clustered at the state level. *, **, and *** denote significance at the 10%, 5%,
and 1% levels, respectively.
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TABLE B.12
Must-access PDMPs robustness: County clustering

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP NetExposure 0.920*** 0.138* 0.560*** 0.975***
(0.211) (0.071) (0.104) (0.195)

Dependent Mean 7.79 4.12 2.18 4.39
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 52858 52858 52858 52858
R2 0.759 0.670 0.752 0.779

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetEx-
posure measures the degree to which a county’s out-of-state social network is exposed to must-access
PDMP laws. The dependent variable in specification (1) is total opioid overdose deaths (T40.1-T40.4),
specification (2) considers prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses
on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and fentanyl over-
dose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for
demographic and local economic conditions as well as the 2010 OxyContin reformulation by interact-
ing the county-level oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The
regressions are population-weighted and include state-by-year as well as county fixed effects. Standard
errors are clustered at the county level. *, **, and *** denote significance at the 10%, 5%, and 1% levels,
respectively.
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TABLE B.13
Must-access PDMPs robustness: No population weighting

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP NetExposure 1.238*** 0.320*** 0.721*** 1.368***
(0.243) (0.100) (0.134) (0.238)

Dependent Mean 5.85 3.50 0.82 2.38
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 52858 52858 52858 52858
R2 0.633 0.589 0.609 0.653

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetEx-
posure measures the degree to which a county’s out-of-state social network is exposed to must-access
PDMP laws. The dependent variable in specification (1) is total opioid overdose deaths (T40.1-T40.4),
specification (2) considers prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses
on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and fentanyl over-
dose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for
demographic and local economic conditions as well as the 2010 OxyContin reformulation by interact-
ing the county-level oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The
regressions include state-by-year as well as county fixed effects. Standard errors are clustered at the
state level. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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TABLE B.14
Must-access PDMPs robustness: DMA × Year FE

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP NetExposure 1.405*** 0.261*** 0.667*** 1.495***
(0.334) (0.093) (0.145) (0.336)

Dependent Mean 7.81 4.12 2.18 4.41
DMA × Year FE Yes Yes Yes Yes
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 52696 52696 52696 52696
R2 0.824 0.727 0.829 0.852

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetEx-
posure measures the degree to which a county’s out-of-state social network is exposed to must-access
PDMP laws. The dependent variable in specification (1) is total opioid overdose deaths (T40.1-T40.4),
specification (2) considers prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses
on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and fentanyl over-
dose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for
demographic and local economic conditions as well as the 2010 OxyContin reformulation by interact-
ing the county-level oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The
regressions are population-weighted and include state-by-year, DMA-by-year as well as county fixed
effects. Standard errors are clustered at the state level. *, **, and *** denote significance at the 10%, 5%,
and 1% levels, respectively.
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TABLE B.15
Must-access PDMPs robustness: Income × Year FE

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP NetExposure 0.903** 0.160 0.496*** 0.938***
(0.338) (0.096) (0.149) (0.303)

Dependent Mean 7.79 4.12 2.18 4.39
Income × Year FE Yes Yes Yes Yes
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 52858 52858 52858 52858
R2 0.790 0.693 0.788 0.817

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetEx-
posure measures the degree to which a county’s out-of-state social network is exposed to must-access
PDMP laws. The dependent variable in specification (1) is total opioid overdose deaths (T40.1-T40.4),
specification (2) considers prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses
on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and fentanyl over-
dose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control
for demographic and local economic conditions as well as the 2010 OxyContin reformulation by inter-
acting the county-level oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy.
The regressions include state-by-year and county fixed effects as well as year-specific fixed effects for
percentiles of average household income. Standard errors are clustered at the state level. *, **, and ***
denote significance at the 10%, 5%, and 1% levels, respectively.
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TABLE B.16
Must-access PDMPs robustness: No control variables

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP NetExposure 0.992*** 0.133 0.618*** 1.065***
(0.356) (0.089) (0.173) (0.327)

Dependent Mean 7.78 4.12 2.17 4.38
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls No No No No
N 53838 53838 53838 53838
R2 0.754 0.668 0.746 0.773

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetEx-
posure measures the degree to which a county’s out-of-state social network is exposed to must-access
PDMP laws. The dependent variable in specification (1) is total opioid overdose deaths (T40.1-T40.4),
specification (2) considers prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses
on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and fentanyl over-
dose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We only control for
the 2010 OxyContin reformulation by interacting the county-level oxycodone prescription rate between
2006 and 2009 with a post-2010 dummy. We do not include socioeconomic control variables as they
could be correlated with PDMP adoption and thus introduce bias. The regressions are population-
weighted and include state-by-year as well as county fixed effects. Standard errors are clustered at the
state level. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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TABLE B.17
Must-access PDMPs robustness: PDMP dates from Horwitz et al. (2021)

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP NetExposure 0.915** 0.158 0.458*** 0.941***
(0.370) (0.098) (0.140) (0.335)

Dependent Mean 7.79 4.12 2.18 4.39
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 52858 52858 52858 52858
R2 0.758 0.670 0.749 0.777

Notes: The table shows the indirect friendship network effect of must-access PDMPs. We use must-
access PDMP dates from Horwitz et al. (2021). PDMP NetExposure measures the degree to which a
county’s out-of-state social network is exposed to must-access PDMP laws. The dependent variable
in specification (1) is total opioid overdose deaths (T40.1-T40.4), specification (2) considers prescrip-
tion opioid overdose deaths (T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1),
and specification (4) concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). All death
counts are expressed per 100,000 residents. We flexibly control for demographic and local economic
conditions as well as the 2010 OxyContin reformulation by interacting the county-level oxycodone
prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions are population-
weighted and include state-by-year as well as county fixed effects. Standard errors are clustered at the
state level. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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B.10 Description of Interaction Variables

TABLE B.18
Description of interaction variables

Variable Name Description

High Within-County Connectedness Equal to one if the ratio between within-
county connections to out-of-county con-
nections is above the cross-sectional me-
dian. Source: Bailey et al. (2018b)

High Network Density Equal to one if the county has above me-
dian value for friendship network cluster-
ing. Source: Chetty et al. (2022a); technical
variable name: clustering_county

High Civic Culture Equal to one if an above median value
of individuals in a county volunteer in
civic organizations. Source: Chetty et al.
(2022a); technical variable name: volun-
teering_rate_county

High Economic Connectedness Equal to one if county has above median
value for economic connectedness. Source:
Chetty et al. (2022a); technical variable
name: ec_county
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B.11 Alternative Identification Strategy: The 2010 Oxy-
Contin Reformulation

OxyContin was introduced by Purdue Pharma in 1996 and is based on the active in-
gredient oxycodone. In line with clinical recommendations, opioids were mostly used
to treat chronic or acute pain of, e.g., terminally ill cancer patients at that time (Max
et al., 1995). The main innovation of OxyContin was its extended release formulation
which provided 12 hours of continuous pain relief. To achieve effective pain manage-
ment over such a prolonged time interval, OxyContin usually featured a high dosage
of the active ingredient. The extended release formulation made OxyContin especially
attractive and easier to use than previous pain medications. However, the gradual re-
lease mechanism can be circumvented by chewing, snorting, or injecting the dissolved
pill. Such abusive behavior causes the full dose of oxycodone to be released imme-
diately. For this reason, OxyContin also became particularly attractive for abusers.
Spurred by an overwhelming marketing campaign in the late 1990s through the early
2000s promoting OxyContin use for non-cancer chronic pain (Alpert et al., 2022), Oxy-
Contin became one of the best-selling prescription drugs with more than $3 billion in
sales in 2010 (Bartholow, 2011). This success also contributed to widespread diversion
to non-medical use, making it one of the most frequently abused prescription drugs
(Cicero et al., 2005). Unsurprisingly, OxyContin is frequently considered to be a key
cause of the opioid epidemic (Kolodny et al., 2015, Alpert et al., 2022).

In August 2010, Purdue Pharma stopped selling the original formulation of Oxy-
Contin to points of distribution. Instead, an abuse-deterrent version of OxyContin was
introduced which contained physicochemical barriers to make the pill hard to crush
or dissolve, thereby effectively preventing the most harmful abuse methods, while
still allowing legitimate treatment of severe pain (Alpert et al., 2018). Prior studies
report that OxyContin misuse and oxycodone shipments immediately decreased af-
ter the reformulation (Alpert et al., 2018, Evans et al., 2019, Powell and Pacula, 2021).
These studies also provide evidence that the reformulation-induced supply interrup-
tion caused a quantitatively large substitution to heroin, thereby fueling the second
wave of the opioid epidemic.

We start by confirming these results using county-level data, while all previous
studies on the OxyContin reformulation are conducted at the state level. Alpert et al.
(2018) note that the direct effect of the reformulation is dependent on pre-2010 Oxy-
Contin abuse as the reformulation has more bite in high abuse states compared to low
abuse states. We follow a similar logic and use county-level oxycodone shipments per
capita from the ARCOS DEA database between 2006 and 2009 as a proxy for misuse
to measure the extent to which counties are affected by the reformulation.1

1Alpert et al. (2018) conduct their analysis at the state level and can thus employ self-reported Oxy-
Contin misuse rates provided through the National Survey on Drug Use and Health (NSDUH) to mea-
sure misuse. Unfortunately, this direct measure of OxyContin abuse is not available at the county level.
However, in the Appendix B.12 we show that oxycodone shipments and state-level misuse rates are
significantly correlated and therefore oxycodone shipments are a good proxy for misuse.
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TABLE B.19
OxyContin reformulation: Direct effect

Opioid
Presc.

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

Pre2010OxyRate × Post -0.030*** 0.795* 0.038 0.423** 0.951**
(0.007) (0.457) (0.182) (0.191) (0.401)

Dependent Mean 0.74 8.65 4.44 2.47 5.04
State × Year FE Yes Yes Yes Yes Yes
County FE Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes
N 35900 44065 44065 44065 44065
R2 0.955 0.763 0.681 0.757 0.782

Notes: The table shows results from difference-in-differences panel regressions. Pre2010OxyRate is
the county-level oxycodone prescription rate between 2006 and 2009. Post is an indicator variable
for the post-reformulation period starting in 2010. Opioid prescriptions per capita is the dependent
variable in specification (1), specification (2) covers total opioid overdose deaths (T40.1-T40.4), spec-
ification (3) considers prescription opioid overdose deaths (T40.2+T40.3), specification (4) focuses on
heroin overdose deaths (T40.1), and specification (5) concerns combined heroin and fentanyl overdose
deaths (T40.1+T40.4). The overdose measures are expressed per 100,000 residents. All regressions are
population-weighted and include state-by-year as well as county fixed effects. Standard errors are clus-
tered at the state level and in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1%
levels, respectively.

To identify substitution patterns at the county level, we implement the following
difference-in-differences design

yit = β × Pre2010OxyRatei × Postt + δXit +Φit + εit, (B.1)

where Pre2010OxyRatei are total county-level oxycodone shipments per capita be-
tween 2006 and 2009. The dependent variable yit can be per-capita opioid prescrip-
tions (CDC) or different measures of opioid overdose death rates. Postt is a dummy
variable which equals one in the post-reformulation period. Moreover, Xit is a matrix
of socioeconomic control variables. To control for time-constant county characteristics
and time-varying unobserved effects at the state level, Φit contains county as well as
state-by-year fixed effects. Our main results are population-weighted using county
population in 1999, but the results are not sensitive to this choice. Table B.19 shows
the direct effect of the OxyContin reformulation. Pre2010OxyRatei is standardized
such that the coefficients can be interpreted as the effect of a one-standard-deviation
increase in the total county-level oxycodone shipments between 2006 and 2009. To ex-
plicitly carve out the substitution patterns after the 2010 OxyContin reformulation we
look at five different outcome variables.

Column (1) shows that counties in which the OxyContin reformulation has more
bite experienced larger decreases in opioid prescriptions. In particular, a one-standard-
deviation increase in pre-2010 oxycodone shipments leads to 0.03 fewer opioid pre-
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scriptions per capita on an annual basis in the post-reformulation period. This effect
corresponds to a decrease of 4% relative to the sample average of opioid prescriptions,
i.e., the regulation was effective in the sense of leading to fewer prescriptions in coun-
ties with indications of higher abuse rates prior to the reformulation. Columns (2) to
(5) analyze the effect of the reformulation on various opioid overdose death measures
to isolate substitution patterns. Total opioid overdoses (column (2)), heroin overdoses
(column (4)), and combined heroin and fentanyl overdoses (column (5)) increase sig-
nificantly after the reformulation, consistent with the state-level evidence presented in
Alpert et al. (2018).

However, in column (3), prescription opioid overdose deaths also display an un-
expected albeit insignificant positive effect. In this context, it is important to note that
our death categories only indicate any presence of specific drugs but do not allow an
exact attribution of a death to a single drug when multiple substances are mentioned
on the death certificate, as is typically the case. Hence, the absence of a reduction in
prescription opioid overdose deaths might be explained by taking into account that
between 2011 and 2013 more than 45% of heroin users were also addicted to opioid
pain relievers (Jones et al., 2015). To support this view, we additionally perform the
same regression but use deaths exclusively attributed to prescription opioids but not
heroin or fentanyl as the outcome variable. For this adjusted measure of prescription
opioid overdoses we find a negative effect of -0.16 that is marginally insignificant (p-
value=0.102), but the effect size of 4% of the sample average is consistent with the
reduction in opioid prescriptions (see column (1) in Table B.19).

In terms of economic significance, column (4) shows that the effect size for heroin
overdoses is 0.42 implying that a one-standard-deviation increase in pre-2010 oxy-
codone shipments translates into 0.42 more annual heroin overdoses in the period
post reformulation. The economic magnitude of this effect is large as it corresponds
to roughly 17% of the sample average of heroin overdoses. For combined heroin and
fentanyl overdoses the coefficient estimate is 0.95, further indicating a strong substitu-
tion of prescription opioids with heroin and fentanyl. Our results are consistent with
previous studies analyzing the OxyContin reformulation at the state level (e.g., Alpert
et al., 2018, Evans et al., 2019, Powell and Pacula, 2021).

Having established significant substitution effects caused by the reformulation, in
the main step of this analysis we now leverage this supply policy induced shock to il-
licit drugs to study whether drug usage patterns spread through friendship networks.
We measure friendship network exposure to the OxyContin reformulation as

OxyNetExposurei =
∑
j ̸=i

Pre2010OxyRatej ×
SCIij∑
h SCIih

, (B.2)

where the sum j runs over all counties except the focal county i. OxyNetExposurei
measures a county’s friendship network-weighted exposure to the 2010 OxyContin
reformulation. Hence, it also captures the degree to which counties are confronted
with a shock to illicit drug consumption through their friendship networks. Using
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the network exposure to the OxyContin reformulation, we test if the shock to illicit
drug consumption due to the 2010 OxyContin reformulation is transmitted through
friendship networks. Therefore, we implement the following difference-in-differences
specification

Deathsit =β1 ×OxyNetExposurei × Postt + β2 × Pre2010OxyRatei × Postt

+ δXit +Φit + εit,
(B.3)

where Deathsit can be one of various overdose measures, Pre2010OxyRatei × Postt
controls for the direct effect of the reformulation, and Xit is a matrix of control vari-
ables.2 We control for economic and socio-demographic conditions as well as physical
exposure to the 2010 OxyContin reformulation. Our main variable of interest is the in-
teraction term OxyNetExposurei × Postt which allows separating the network effect
from the direct effect of the OxyContin reformulation. Consequently, β1 captures how
counties having many connections to regions where the OxyContin reformulation has
more bite differ in terms of overdose measures from counties with fewer connections
to such regions after the reformulation.

Our empirical model contains county fixed effects to control for time-invariant
county characteristics. State-by-year fixed effects control for time-varying heterogene-
ity, e.g., changes in legislation or law enforcement at the state level, effectively making
this a comparison between counties in the same state and year. As such the identifica-
tion comes from within-state differences in county network exposure to the OxyContin
reformulation, holding factors like legislation, law enforcement, socioeconomic char-
acteristics, unobserved time-constant county heterogeneity, and the direct effect of the
reformulation constant.

The identification assumption is that net of all control variables and fixed effects,
counties with more friendship links to regions where the OxyContin reformulation
has more bite would have behaved like other counties in the same state that had fewer
friendship links to such regions if the OxyContin reformulation had not taken place.
As always the identification assumption cannot be directly verified, but we later pro-
vide evidence that pre-trends did not differ significantly between counties with high
and low OxyContin friendship network exposure.

In Table B.20, we report the results of estimating Equation (B.3) to test if network
exposure to the OxyContin reformulation contributes to changes in overdose deaths
over and above the direct effect of the reformulation. The different columns in the
table refer to different opioid overdose measures. Panel A presents the results when
computing the network exposure to the OxyContin reformulation based on all friend-
ship links. Results in column (1) show that a one-standard-deviation increase in the
network exposure to the OxyContin reformulation is associated with an increase in
total opioid overdose deaths by 0.77 deaths per 100,000 residents, holding the direct

2To be consistent with the estimation of the direct effect of the 2010 OxyContin reformulation,
we include Pre2010OxyRatei × Postt in Equation (B.3). The results are robust to controlling for
Pre2010OxyRatei interacted with a full set of year dummies (results available upon request).
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TABLE B.20
OxyContin reformulation: Indirect friendship network effect

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

Panel A: All friends
OxyNetExposure × Post 0.770** -0.028 0.643*** 1.016***

(0.346) (0.152) (0.188) (0.300)
Pre2010OxyRate × Post 0.613 0.037 0.280 0.717*

(0.464) (0.202) (0.179) (0.387)

Dependent Mean 8.65 4.44 2.47 5.04
N 44065 44065 44065 44065
R2 0.764 0.681 0.759 0.783

Panel B: Distance > 50 miles
OxyNetExposure × Post 0.455 -0.117 0.544*** 0.706***

(0.279) (0.094) (0.134) (0.237)
Pre2010OxyRate × Post 0.732 0.038 0.370* 0.867**

(0.474) (0.185) (0.203) (0.414)

N 44065 44065 44065 44065
R2 0.764 0.681 0.760 0.783

Panel C: Distance > 100 miles
OxyNetExposure × Post 0.413 -0.125 0.506*** 0.655***

(0.277) (0.084) (0.132) (0.240)
Pre2010OxyRate × Post 0.736 0.038 0.374* 0.872**

(0.476) (0.183) (0.206) (0.418)

N 44065 44065 44065 44065
R2 0.764 0.681 0.760 0.783

Notes: We study the network effects of the OxyContin reformulation on various overdose death rates.
OxyNetExposure measures the degree to which a county’s social network is exposed to the 2010 Oxy-
Contin reformulation. Panels A, B, and C implement different restrictions on the physical proximity
of county pairs when computing the network exposure. The dependent variable in column (1) is to-
tal opioid overdose deaths (T40.1-T40.4), column (2) considers prescription opioid overdose deaths
(T40.2+T40.3), column (3) focuses on heroin overdose deaths (T40.1), and column (4) concerns com-
bined heroin and fentanyl overdose deaths (T40.1+T40.4). The dependent variables are expressed per
100,000 residents. We flexibly control for local economic conditions as well as the direct effect of the 2010
OxyContin reformulation by interacting the county-level oxycodone prescription rate between 2006 and
2009 with a post-2010 dummy. The regressions are population-weighted and include state-by-year as
well as county fixed effects. Standard errors are clustered at the state level and in parentheses. *, **, and
*** denote significance at the 10%, 5%, and 1% levels, respectively.

effect of the reformulation constant and controlling for unobserved county as well as
state-by-year heterogeneity. The effect is statistically significant at the 5% level and
also meaningful in economic terms as it corresponds to some 9% of the sample av-
erage. For completeness, we also present results on spillovers of the reformulation
on prescription opioid death rates in column (2). In this case, we find insignificant
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friendship network effects, consistent with the direct effect of the reformulation, which
does not seem to cause significant reductions in prescription opioid overdoses (see Ta-
ble B.19). In columns (3) and (4) we present our findings for heroin overdose deaths
and combined heroin and fentanyl overdose deaths. The estimates show that a one-
standard-deviation increase in friendship network exposure is related, c.p., to an in-
crease in heroin overdose deaths (combined heroin and fentanyl overdose deaths) by
0.64 (1.02) per 100,000 residents or as much as 26% (20%) of the sample average with
both coefficients being statistically significant at the one percent level.

Nevertheless, one might argue that the social network effect picks up at least some
part of the direct effect and will become insignificant when focusing on geograph-
ically distant friends. We mitigate this concern by showing that the coefficient on
OxyNetExposurei × Postt remains most of the time significant when we impose dis-
tance restrictions on the county-pairs used to construct OxyNetExposurei. Panels B
and C require that county pairs are at least 50 and 100 miles, respectively, away from
each other to be considered when computing OxyNetExposurei. In our preferred
specification in Panel C, the coefficient on OxyNetExposurei × Postt remains statis-
tically significant at the one percent level for heroin overdoses and combined heroin
and fentanyl overdoses. As expected, the effect size becomes smaller but remains
economically substantial. The coefficient estimate for heroin (combined heroin and
fentanyl) overdoses in column (3) ((4)) implies that a one-standard-deviation increase
in the OxyContin network exposure only incorporating geographically distant friends
results in 0.51 (0.66) more annual heroin (combined heroin and fentanyl) overdoses per
100,000 residents after the reformulation, corresponding to 21% (13%) of the sample
average. For total opioid overdoses, the coefficient in column (1) also becomes smaller
and is marginally insignificant.

Overall, our findings are intuitive. We show in Table B.19 that the 2010 OxyCon-
tin reformulation caused a major transition from prescription opioids to illicit drugs
like heroin or fentanyl. Therefore, it is reasonable to expect friendship network effects
for total opioid overdoses, heroin overdoses, and combined heroin and fentanyl over-
doses since these death categories exactly cover illicit opioids that are used to substi-
tute for OxyContin. Hence, our results show that the indirect network effect operates
in the same direction as the direct effect, consistent with behavior passing through
friendship networks.

To test for differential pre-trends between high and low network exposure counties,
we implement the same specification as in Equation (B.3) but interactOxyNetExposurei
with a full set of year dummies

Deathsit =
2019∑
t=2005
t̸=2010

β1,t ×OxyNetExposurei × 1(Y ear = t)

+ β2 × Pre2010OxyRatei × Postt + δXit +Φit + εit.

(B.4)

The specification still includes Pre2010OxyRatei×Postt to control for the direct effect
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of the reformulation, and the results are robust to interacting Pre2010OxyRatei with a
full set of year dummies. Moreover, Φit contains county fixed effects as well as state-
by-year fixed effects to make this a comparison of within-county variation in the same
state and year. Standard errors are clustered at the state level and in parentheses.
We normalize the coefficient for 2009—the year prior to the reformulation—to zero
so that all coefficients are interpreted relative to this baseline. Figure B.6 graphically
illustrates the estimates of β1,t along with 95% confidence bands.
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FIGURE B.6
Event study specification: Friendship network exposure to OxyContin reformulation
Notes: The figure illustrates dynamic difference-in-differences coefficients along with 95% confidence
bands using different outcome variables. The dependent variable in Panel A is total opioid overdose
deaths (T40.1–T40.4), Panel B considers prescription opioid overdose deaths (T40.2+T40.3), Panel C fo-
cuses on heroin overdose deaths (T40.1), and Panel D concerns combined heroin and fentanyl overdose
deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. The regressions feature
state-by-year and county fixed effects. We flexibly control for local economic conditions as well as the
direct effect of the 2010 OxyContin reformulation by interacting the county-level oxycodone prescrip-
tion rate between 2006 and 2009 with a post-2010 dummy. The regressions are population-weighted.
Standard errors are clustered at the state level.

As before, we study four different outcome variables: Panels A, B, C, and D show
the results for total opioid overdoses, prescription opioid overdoses, heroin overdoses,
and combined heroin and fentanyl overdoses, respectively. Overall, the results clearly
show that differential pre-trends between counties with high and low friendship net-
work exposure are of no concern here as the coefficients are insignificant and practi-
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cally zero before 2010 in all cases. Panel A shows that a one-standard-deviation in-
crease in the friendship network exposure to the OxyContin reformulation leads to
higher opioid overdose rates in the order of up to three deaths per 100,000 residents
after the reformulation. Prescription opioid overdoses do not seem to exhibit a net-
work effect as the coefficients in Panel B are mostly insignificant. This result is consis-
tent with the zero aggregate effect found in column (2) of Table B.20. Panels C and D
confirm a very strong network effect for heroin and fentanyl. In general, we find that
the network effect is consistently significant and substantial in magnitude from two
or three years after reformulation onwards. We interpret this result as consistent with
the idea that drug usage patterns take time to spread through friendship networks and
that actual changes in illicit drug use patterns increase mortality rates only after some
time has elapsed.
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B.12 Direct Exposure to OxyContin Reformulation

Figure B.7 shows that total county-level oxycodone shipments are a good proxy for
actual OxyContin misuse. The figure shows binned scatterplots using the state-level
OxyContin misuse rate between 2004 and 2009 to form 30 equally sized bins. Dosages
per capita refers to the total county-level oxycodone shipments between 2006 and 2009.
We compute the mean oxycodone dosage per capita within each bin and illustrate the
30 data points in a scatterplot. Panel A depicts the correlation between oxycodone
shipments and state-level OxyContin misuse rates in percent. Panel B shows the asso-
ciation between oxycodone shipments and general pain reliever misuse rates in per-
cent. The gray line represents the fit of a linear regression. Overall, the figure confirms
a positive association between state-level misuse rates and county-level oxycodone
shipments, i.e., counties with high oxycodone shipments are located in states with
high misuse rates. Hence, we conclude that our oxycodone shipment-based measure
is a good proxy for misuse.

0

5

10

15

20

D
o

sa
g

es
 p

er
 C

ap
it

a

0.2 0.4 0.6 0.8 1 1.2
OxyContin Misuse Rate (2004−2009)

Panel A: OxyContin Misuse Rate

0

5

10

15

20

D
o

sa
g

es
 p

er
 C

ap
it

a

4 5 6 7 8 9 10
Pain Reliever Misuse Rate (2004−2009)

Panel B: Pain Reliever Misuse Rate

FIGURE B.7
Oxycodone shipments and OxyContin misuse rates

Notes: The figure shows binned scatterplots using the state-level OxyContin misuse rate between 2004
and 2009 to form 30 equally sized bins. Dosages per Capita refers to the total county-level oxycodone
shipments between 2006 and 2009. We compute the mean of the x-axis and y-axis variables within each
bin and illustrate the 30 data points in a scatterplot. Panel A depicts the correlation between oxycodone
shipments and state-level OxyContin misuse rates (in percent). Panel B shows the association between
oxycodone shipments and general pain reliever misuse rates (in percent). The gray line represents the
fit of a linear regression.
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C.1 What Explains Patent Bundling?

0

10

20

30

40

50

0 10 20 30 40 50

bundle size

45−degree line

Panel A: Unique Examiners

0

10

20

30

40

50

0 10 20 30 40 50

bundle size

Panel B: Unique Art Units

FIGURE C.1
Unique examiners and art units within patent bundles

Notes: The figure illustrates the average number of unique examiners (Panel A) and the average number
of unique art units (Panel B) by bundle size.
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FIGURE C.2
Filing date dispersion within patent bundles

Notes: The figure illustrates descriptive statistics on the time dispersion of filing dates within groups
of patents issued on the same day. Panel A (B, C) shows the number of unique filing days (weeks,
months) by bundle size. Panel D depicts the average length of the filing period within patent bundles.
The length of the filing period is defined as the difference between the earliest and latest filing date
within patent bundles.
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C.2 Additional Patent-Level Results

TABLE C.1
Patent quality and bundle size

Citations Nonself Citations Tail Innovation Superstar Originality Generality

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

Log(Bundle Size) -0.0163 -0.0164 -0.0003 -0.0014 -0.0042 -0.0043
(-6.17) (-3.72) (-1.68) (-3.63) (-3.39) (-3.65)

Dependent Mean 1.72 2.16 0.01 0.05 0.30 0.37
Obs. 1,784,947 1,294,427 1,294,427 1,294,427 1,294,427 1,294,427
R2 0.3931 0.2535 0.1442 0.1967 0.3003 0.2417
Fixed Effects F×T F×T F×T F×T F×T F×T

Notes: The table shows regressions of different measures of patent quality on log bundle size.
Log(Bundle Size) is the log of the number of patents issued to the firm on the same day. We control
for firm-by-year fixed effects, FxT. We cluster standard errors by patent grant year and report t-statistics
in parentheses.
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C.3 Additional Firm-Level Analyses

TABLE C.2
Firm-level analysis: KPSS replication

Firm (Horizon) Competitors (Horizon)

1 2 3 4 5 1 2 3 4 5

Panel A: Profits
0.018 0.029 0.036 0.042 0.046 -0.016 -0.030 -0.032 -0.035 -0.038
(3.58) (4.46) (3.72) (3.78) (3.59) (-3.02) (-5.09) (-7.27) (-6.04) (-5.87)

Panel B: Output
0.009 0.015 0.021 0.026 0.032 -0.015 -0.032 -0.042 -0.046 -0.051
(3.12) (3.40) (3.16) (2.92) (3.41) (-3.62) (-7.47) (-8.92) (-8.17) (-7.73)

Panel C: Capital
0.010 0.020 0.028 0.033 0.039 0.000 -0.010 -0.019 -0.028 -0.039
(8.22) (6.90) (6.11) (4.68) (4.35) (-0.10) (-1.68) (-2.58) (-3.42) (-4.49)

Panel D: Labor
0.007 0.013 0.019 0.023 0.025 -0.0086 -0.019 -0.024 -0.026 -0.027
(5.23) (4.50) (4.24) (3.87) (3.39) (-2.04) (-4.87) (-5.35) (-4.98) (-4.56)

Panel E: TFPR
0.013 0.017 0.020 0.023 0.024 -0.002 -0.006 -0.010 -0.015 -0.017
(2.37) (2.32) (2.80) (3.51) (4.34) (-1.30) (-2.66) (-3.56) (-4.74) (-4.26)

Notes: This table replicates Table IV from KPSS. We regress the growth rate of specific firm outcomes
on KPSS measures of own and competitor innovation. As in KPSS, control variables include the lag of
the dependent variable, log values of firm capital, employment, and the firm’s idiosyncratic volatility.
Additionally, we include industry and time fixed effects.
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TABLE C.3
Market-to-book ratio and firm growth in the non-patenting-firm sample

Firm (Horizon) Competitors (Horizon)

1 2 3 4 5 1 2 3 4 5

Panel A: Profits
0.028 0.047 0.056 0.064 0.069 -0.015 -0.023 -0.033 -0.036 -0.034
(5.68) (4.90) (4.37) (4.72) (4.96) (-4.28) (-4.08) (-4.27) (-4.04) (-3.38)

Panel B: Output
0.006 0.015 0.023 0.030 0.035 -0.014 -0.024 -0.033 -0.040 -0.043
(1.57) (2.06) (2.41) (2.73) (3.04) (-3.45) (-3.66) (-3.95) (-4.34) (-3.93)

Panel C: Capital
0.026 0.042 0.056 0.063 0.069 -0.005 -0.017 -0.027 -0.033 -0.040
(4.42) (4.70) (4.85) (5.04) (5.28) (-1.00) (-2.18) (-2.82) (-2.99) (-3.24)

Panel D: Labor
0.007 0.016 0.022 0.032 0.041 -0.0119 -0.018 -0.019 -0.021 -0.021
(1.12) (2.11) (2.10) (3.15) (3.88) (-2.06) (-2.09) (-2.0) (-2.18) (-1.93)

Panel E: TFPR
0.006 0.012 0.010 0.010 0.010 -0.001 -0.006 -0.006 -0.007 -0.011
(2.61) (4.04) (2.65) (2.70) (2.39) (-0.43) (-1.87) (-1.35) (-1.42) (-2.22)

Notes: This table replicates Table 4.3 for a sample of non-patenting firms. For a detailed description of
the variables, see Table 4.3.
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TABLE C.4
Innovation and firm growth: Market cap scaling

Firm (Horizon) Competitors (Horizon)

1 2 3 4 5 1 2 3 4 5

Panel A: Profits
-0.001 0.001 0.004 0.005 0.007 0.000 0.000 0.000 -0.001 -0.001
(-0.93) (0.73) (2.53) (2.99) (2.72) (0.31) (1.79) (0.90) (-0.89) (-1.07)

Panel B: Output
-0.004 -0.004 -0.002 0.002 0.006 -0.001 -0.000 -0.000 -0.001 -0.002
(-1.59) (-1.16) (-0.50) (0.69) (3.13) (-1.16) (-1.07) (-0.88) (-1.71) (-2.81)

Panel C: Capital
-0.006 -0.007 -0.005 -0.003 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000
(-2.04) (-1.66) (-1.17) (-0.54) (-0.04) (-1.45) (-0.61) (-0.47) (-0.11) (-0.75)

Panel D: Labor
-0.005 -0.004 -0.002 0.002 0.003 -0.001 -0.001 -0.001 -0.001 -0.001
(-1.96) (-1.50) (-0.77) (0.87) (1.64) (-1.85) (-2.15) (-1.85) (-2.49) (-2.82)

Panel E: TFPR
0.001 0.002 0.001 0.001 0.001 -0.000 -0.002 -0.000 -0.005 -0.006
(1.80) (1.69) (1.96) (1.67) (1.45) (-0.81) (-1.96) (-4.41) (-2.48) (-2.83)

Notes: This table repeats the analysis in Table 4 in KPSS using a different scaling. Instead of using the
book value of assets, we scale the firms’ dollar value of innovation by end-of-year market capitalization.
Similarly, innovation by competing firms is constructed as the dollar value of innovation divided by
their total market capitalization.
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FIGURE C.3
Placebo tests at firm level: t-statistics

Notes: The figure plots results from firm-level placebo tests along with the KPSS estimates using the
true patent values. We proceed as follows: in each placebo test, we first compute placebo patent values.
Second, within firm-years we sum all placebo patent values and scale the resulting value by book value
of assets to obtain a placebo measure of firm innovations. Third, we also compute the total innovation
of a firm’s competitors by summing the competitors’ patent values within a given year and scaling by
the total value of book assets. Importantly, we follow the same procedure as KPSS, but we substitute
the true patent values with their respective placebo counterparts. Then, we estimate Equation (12) from
KPSS for five different outcome variables, i.e., profits, output, capital, labor, and TFPR. We store the
coefficient estimates and t-statistics on the measure of own and competitor innovation, respectively,
and perform 500 placebo experiments. The figure plots the average t-statistic. The different placebo
tests are described in Table 4.2.
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C.4 Forward Citations and Stock Returns
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FIGURE C.4
Forward citations and stock returns: different surprise thresholds

Notes: The figure plots coefficient estimates along with 95% confidence bands from reestimating speci-
fications (4) and (6) of Panel A, Table 4.5 for different surprise definitions. The different surprise thresh-
olds are depicted on the x-axis.
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C.5 Quality of Patent-Value Estimates and Signal-to-Noise
Ratio
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FIGURE C.5
Effect of signal-to-noise ratio on quality of patent-value estimates

Notes: This figure assesses the accuracy of patent/value estimates across varying signal-to-noise ratios
in a simulation study. To isolate the effect of the signal-to-noise ratio, we adopt an illustrative param-
eterization in which we fix the market capitalization (Mit− ) at one, set the idiosyncratic volatility (εit)
to the sample average, and assume a bundle size (Nit) of one. For each signal-to-noise ratio, defined
as δ =

σ2
v

σ2
v+σ2

ε
, we draw 1,000,000 samples from the distributions of vit and εit. Using these draws, we

compute the true patent values (ξit) and their corresponding estimates (ξ̂it) using the KPSS formula.
Panel A reports the correlation between the log of true and estimated patent values. Panel B displays
the average absolute log difference between the true and estimated values, expressed as a percentage.
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C.6 Proofs

Proof of Proposition 1: Under Assumptions 2 and 3, the new information released to
the market during the event window about patents granted to firm i at time t can be
summarized by the bundle size Nit. Based on Equation (4.2), we can thus write the
resulting change in the market value as

vit ·Mit− = E[∆V ∗
it | Nit] = E

[
Dit∑
k=1

(Ik − πk) · ξk | Nit

]
. (C.1)

From Assumptions 1 and 2, it follows that

vit ·Mit− = E

[
Nit∑
k=1

(1− πit) · ξit +
Dit−Nit∑
k=1

(0− πit) · ξit | Nit

]
(C.2)

= E[Nit · (1− πit) · ξit − (Dit −Nit) · πit · ξit | Nit] (C.3)
= Nit · (1− πit) · ξit − E[Dit −Nit | Nit] · πit · ξit. ■ (C.4)

Proof of Proposition 2: Under Assumptions 2 and 4, we obtain a binomial distribution
for the bundle size conditional on the number of decisions, i.e.,

P(Nit = g|Dit = d) =

(
d

g

)
· (πit)g · (1− πit)

d−g · 1(g ≤ d) (C.5)

with 1(g ≤ d) = 1 if g ≤ d and 1(g ≤ d) = 0 otherwise. Accordingly, we obtain for the
joint distribution of Nit and Dit

P(Nit = g,Dit = d) =

(
d

g

)
· (πit)g · (1− πit)

d−g · 1(g ≤ d) · P(Dit = d) (C.6)

and the marginal distribution of the bundle size can be calculated as

P(Nit = g) =
∞∑
k=0

(
k

g

)
· (πit)g · (1− πit)

k−g · 1(g ≤ k) · P(Dit = k) . (C.7)
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From
(
d
g

)
= d!

g!·(d−g)! and Assumption 5, i.e., P(Dit = k) =
e−λd ·λkd

k!
, it follows that

P(Nit = g) =
∞∑
k=0

k!

g! · (k − g)!
· (πit)g · (1− πit)

k−g · 1(g ≤ k) · e
−λd · λkd
k!

(C.8)

=
(λd · πit)g · e−λd

g!
·

∞∑
k=g

1

(k − g)!
· ((1− πit) · λd)k−g (C.9)

=
(λd · πit)g · e−λd

g!
·

∞∑
i=0

1

i!
· ((1− πit) · λd)i. (C.10)

By exploiting the power series representation of the exponential function, we obtain

P(Nit = g) =
(λd · πit)g · e−πit·λd

g!
. (C.11)

Therefore, Nit follows a Poisson distribution with the parameter λg = λd · πit. To
calculate the required conditional expectation, we use

E[Dit | Nit = g] =
∞∑
k=0

k · P(Dit = k,Nit = g)

P(Nit = g)
. (C.12)

From Equation (C.6) and Assumption 5, it follows that

E[Dit | Nit = g] =
1

P(Nit = g)
·

∞∑
k=g

k · k!

g! · (k − g)!
· (πit)g · (1− πit)

k−g · e
−λd · λkd
k!

(C.13)

=
e−λd · (πit · λd)g

P(Nit = g) · g!
·

∞∑
i=0

(i+ g) · 1
i!
· (1− πit)

i · λid, (C.14)

where we substituted i = k − g (k = i+ g). Furthermore, Equation (C.11) implies

e−λd · (πit · λd)g

P(Nit = g) · g!
=

e−λd · g! · (πit · λd)g

g! · (λd · πit)g · e−πit·λd
= e−λd·(1−πit) (C.15)

and thus

E[Dit | Nit = g] = e−λd·(1−πit) ·
∞∑
i=0

(i+ g) · 1
i!
· (1− πit)

i · λid. (C.16)
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Again using the power series representation of the exponential function, it follows that

∞∑
i=0

g · 1
i!
· (1− πit)

i · λid = g · e(1−πit)·λd , (C.17)

∞∑
i=0

i · 1
i!
· (1− πit)

i · λid = (1− πit) · λd ·
∞∑
i=1

1

(i− 1)!
· ((1− πit) · λd)i−1 (C.18)

= (1− πit) · λd · e(1−πit)·λd . (C.19)

By substituting these results into Equation (C.16), we conclude

E[Dit | Nit = g] = e−λd·(1−πit) ·
(
(1− πit) · λd · e(1−πit)·λd + g · e(1−πit)·λd

)
(C.20)

= (1− πit) · λd + g. (C.21)

Combining this result with Equation (4.3) and using Et− [Nit] = πit · λd implies

vit ·Mit− = Nit · (1− πit) · ξit − ((1− πit) · λd +Nit −Nit) · πit · ξit (C.22)
= Nit · (1− πit) · ξit − Et− [Nit] · (1− πit) · ξit (C.23)
= (Nit − Et− [Nit]) · (1− πit) · ξit. ■ (C.24)
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