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Abstract

The first study, using firm-level climate change exposure data, demon-

strates that firms with higher exposure to climate change face an increased

likelihood of stock price crashes. These risks arise from managerial incen-

tives to withhold bad news due to concerns about market devaluation as-

sociated with high exposure. However, during periods of heightened public

attention, the difficulty of concealing bad news increases, thereby mitigat-

ing this effect. This chapter further examines the causal impact of Donald

Trump’s unexpected election victory on firms’ exposure to climate regula-

tion and the associated crash risk. A difference-in-differences (DiD) model

is estimated around the 2016 U.S. presidential election. The results show

that after Trump assumed office in 2017, firms previously subject to climate

regulation experienced a disproportionate decline in crash risk compared

with firms not affected by such rules. The findings also indicate that firms

exposed to climate regulation were more likely to withhold negative infor-

mation from investors before the election shock.

The second study investigates the effect of risk-taking incentives, mea-

sured by debt-based compensation for both CEOs and CFOs, on firm-level

intangible intensity using three empirical approaches. Theoretically, in-

tangible intensity is closely related to information asymmetry; hence, it

is hypothesized that debt-based compensation discourages managers from
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accumulating intangible assets. Using U.S. data from 2006 to 2022, panel

regression results indicate that higher levels of debt-based compensation

for both CEOs and CFOs significantly reduce intangible intensity. Across

multiple estimation methods, the results indicate that CEO incentives have

a stronger influence than those of CFOs.

The third study explores the positive relationship between economic pol-

icy uncertainty (EPU) and country-level stock market tail risk. The effect

of EPU on financial market tail risk is significant across all countries, es-

pecially for emerging markets. As a major source of global policy uncer-

tainty, pandemic-related concerns—measured by the weighted frequency

of epidemic-related discussions—and trade policy uncertainty are further

examined. The regression results confirm that higher levels of these uncer-

tainties are associated with greater market tail risk.
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Chapter 1

Introduction
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1.1. RESEARCH BACKGROUND AND MOTIVATIONS

1.1 Research Background and Motivations

The significance of left-tail risk in financial assets, as well as the factors

that shape its impact on financial decision-making, has been extensively

documented in academic research. Since the seminal work of Fama (1965),

this topic has continued to receive considerable scholarly attention. Over

the decades, studies have examined both how investors respond to extreme

market events and the underlying drivers of such events. Modern financial

theory now treats tail risks as an essential market characteristics. Because

tail risks embody investors’ fears, they require higher expected returns as

compensation. This fundamental risk–return trade-off establishes a predic-

tive link between asset prices and left-tail risk, a relationship supported by

a wide range of empirical evidence. For instance, Kelly and Jiang (2014)

shows that tail risk is positively associated with aggregate market returns,

even though left-tail risk itself varies over time. Similarly, Bollerslev and

Todorov (2011b) demonstrates that the variance risk premium, defined as

the difference between realized variance and risk-neutral expected variance,

can predict market returns. Building on Bansal and Shaliastovich (2011),

they decompose the variance risk premium into two parts: normal-sized

price fluctuations and jump tail risk. Their findings suggest that most of

the predictive power stems from compensation for bearing jump tail risk.

The literature also addresses practical puzzles by assuming that investors

account for the possibility of rare extreme events. Some studies suggest

that the main source of uncertainty in financial markets is rarely occurring

extreme events, known as “Black Swan events”. The catastrophic conse-

quences of the 2007–2008 global financial crisis exemplify investors’ sensi-

tivity to such events. Similarly, the Coronavirus Disease 2019 (COVID-19)

outbreak has caused substantial uncertainty in global financial markets.
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1.1. RESEARCH BACKGROUND AND MOTIVATIONS

The increasing frequency of extreme events highlights the importance of

understanding left-tail risk, the central focus of this thesis.

Stock price crash risk represents a critical manifestation of left-tail risk in

equity markets and carries significant implications for portfolio theory and

asset pricing. Kim and Zhang (2014) emphasizes the importance of tail risk,

showing that it affects option-based asset pricing by influencing investor

confidence through the disclosure or concealment of bad news. Further-

more, negative skewness in stock return distributions indicates that down-

side risk occurs more frequently than extreme positive returns, highlighting

the need for effective risk management. Harvey and Siddique (2000) sug-

gests that conditional skewness has strong implications for asset pricing,

as it is negatively related to expected returns and momentum. This re-

lationship implies that investors demand higher returns when conditional

skewness is considered. In addition, exogenous shocks, particularly regu-

latory changes, can trigger sudden stock market crashes (Huang and Liu,

2021), making it essential for investors to understand the mechanisms and

characteristics of price crashes for better investment decisions and asset

pricing.

Given the economic and asset-pricing importance of left-tail exposures doc-

umented above, Chapter 3 focuses on a prominent manifestation in equity

markets, namely stock price crash risk, and examines its firm-level determi-

nants. Most research on the determinants of stock price crash risk follows

the framework of Jin and Myers (2006), which identifies information asym-

metry between corporate managers and external investors as the primary

source. The model shows that managers, motivated to protect their inter-

ests, may withhold negative information over time. This opacity allows in-

siders to conceal bad news while reducing perceived volatility for investors,

but when accumulated negative information reaches a tipping point, it is
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1.1. RESEARCH BACKGROUND AND MOTIVATIONS

released to the market and often triggers substantial price declines. This

“bad news hoarding” mechanism demonstrates how information asymmetry

can harm investors and generate left-tail risk in financial markets. Empir-

ical studies based on this framework identify several managerial incentives

affecting crash risk, including Chief Executive Officer (CEO) age (Andreou

et al., 2017), stock liquidity (Chang et al., 2017), financial report read-

ability (Kim and Zhang, 2014), insider trading (Jinshuai et al., 2014), and

managerial equity compensation (Kim et al., 2011a).

Beyond firm-specific managerial incentives, broader environmental chal-

lenges also play a role in shaping downside risk. Climate change represents

an important source of such risk. The catastrophic consequences of global

warming have prompted governments to introduce regulations controlling

carbon emissions, such as carbon taxes, emission targets, and emission

limits. While green investments can mitigate investment risk and chan-

nel funds toward sustainable industries (Taghizadeh-Hesary and Yoshino,

2019; Eyraud et al., 2013; Wang and Zhi, 2016), climate-related regulations

impose heterogeneous shocks across firms. For instance, carbon-intensive

firms face higher costs related to taxes and corporate governance, making

investments in these firms inherently riskier. Sautner et al. (2020) demon-

strates that such firms are naturally more exposed to climate change based

on firm-level climate exposure measures. Consequently, firm-level climate

change exposure is expected to be positively associated with stock price

crash risk.

These climate-related risks are further shaped by the political environment.

For example, President Trump’s opposition to climate-related policies and

reversal of environmental regulations created a political environment favor-

ing firms with high fossil fuel dependence, thereby potentially influencing

their stock price crash risk. Prior studies explore related mechanisms: En-
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1.1. RESEARCH BACKGROUND AND MOTIVATIONS

gle et al. (2020) implements a schedule to form portfolios hedging against

climate risk using high-dimensional newspaper coverage data, and Ilhan

et al. (2021) proposes that carbon regulation risks can be priced in the

options market, allowing downside risk protection.

While climate-related regulations constitute a key source of uncertainty by

imposing heterogeneous costs across firms, they should also be understood

as part of the broader category of policy-related risks that interact with

political and economic shocks. In this regard, frequent and severe political

and economic extreme events, such as the 2007–2008 global financial crisis,

the COVID-19 pandemic, and regional conflicts, further amplify the role

of regulatory interventions in shaping stock price crash risk. Regulatory

changes that follow these events further raise uncertainty in the business

and economic environment, which can impact financial markets and con-

tribute to stock price crash risk. Empirical studies indicate that Economic

Policy Uncertainty (EPU) captures such effects. Specifically, Ilhan et al.

(2021) emphasizes that environmental policy uncertainty should also be

considered, as these risks can be priced in the option market.

Building on these insights, the role of climate-related regulation deserves

particular attention. Such regulations can increase costs in taxes and cor-

porate governance for carbon-intensive firms and heighten the risk of in-

vesting in those firms. Based on the firm-level climate change exposure

measurement proposed by Sautner et al. (2020), such firms are naturally

highly exposed to climate change; consequently, firm-level climate exposure

is expected to be positively related to stock price crash risk. Meanwhile,

President Trump’s stance against climate-related policy and the reversal

of environmentally friendly regulations means his electoral success might

be profitable for firms that use large amounts of traditional fuel—an effect

that would be revealed through the aforementioned relationship with crash
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risk. Motivated by these findings, Chapter 3 investigates how firm-level cli-

mate exposure interacts with external political shocks to influence left-tail

risk in the stock market.

To complement the external perspective of Chapter 3, Chapter 4 explores

the internal firm-level mechanisms through which information asymmetry

manifests in left-tail risk, focusing on managerial incentives and intangi-

ble assets. Information asymmetry lies at the core of the stock price crash

risk mechanism. When managers possess private information and withhold

negative news, the eventual release of accumulated bad news can trigger

sharp downward price corrections. This mechanism not only explains why

crash risk is a manifestation of managerial opportunism but also highlights

the broader role of information asymmetry in shaping corporate risk pro-

files. Beyond stock market outcomes, information asymmetry amplifies

accounting and corporate finance risks, transmitting managerial decisions

into asset market volatility.

Moreover, extreme corporate events such as bankruptcy and credit shocks

also reflect the consequences of information asymmetry in financial mar-

kets. Derrien et al. (2016) shows that greater information asymmetry raises

the cost of debt and increases the incidence of credit events, while Steiger

(2010) documents that credit risk and implied volatility strongly predict

stock returns, particularly for distressed firms. Beyond firm-level effects,

bankruptcy risk can also spill over to industry peers through shared cred-

itors or counterparty exposures, amplifying the propagation of bad news

across firms. Finally, Chenari et al. (2025) emphasizes that debt matu-

rity structure affects both bankruptcy risk and crash risk, since short-term

debt strengthens managerial incentives to conceal information. Together,

these findings highlight that bankruptcy and credit risks are not only fi-

nancial distress signals but also key channels through which information

6
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asymmetry translates into left-tail outcomes.

Therefore, exploring how managerial incentives, asset structure, and finan-

cial distress contribute to information asymmetry and left-tail risk offers a

more integrated understanding of the determinants of extreme events. This

forms the motivation of Chapter 4, which investigates the role of intangi-

ble assets, managerial incentives, and corporate financial risks in shaping

firms’ exposure to tail risk.

Building on the central role of information asymmetry in shaping extreme

events, this study further examines intangible intensity as a key firm-level

characteristic that may amplify left-tail risk. The growing prominence of

intangible assets among U.S. firms underscores their significance in driv-

ing competitiveness and innovation. Investment in intangible assets fosters

technological innovation and enhances a firm’s reputation, boosting dis-

tinctiveness and competitive advantage. As a larger portion of firm assets

becomes intangible, concerns over information asymmetry between man-

agers and investors naturally increase.

According to Wu and Lai (2020), intangible assets are associated with

information asymmetry due to two main factors: measurement errors aris-

ing from the lack of standardized valuation and managerial incentives to

overprice assets such as patents and goodwill to improve acquisition value.

Unlike tangible assets, intangibles such as R&D, software, brand equity, or

proprietary data are difficult to observe and value objectively. Their bene-

fits often materialize over a long horizon, and the absence of standardized

accounting treatment allows managers substantial discretion in capitaliza-

tion and reporting. Consequently, investors face greater uncertainty in

assessing firm value and performance, while managers possess private in-

formation that is not fully captured in financial statements. This structural
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opacity makes firms with high intangible intensity inherently more prone

to information asymmetry.

Beyond their causal relationship with stock price crash risk, intangible

assets also link directly to several types of accounting and corporate fi-

nance risks. Hansen et al. (2005) suggests that intangible capital should be

considered a risk premium beyond the market-to-book ratio, finding that

intangible-intensive firms exhibit lower average returns and higher earnings

volatility compared to tangible-intensive firms. Elkemali (2024) further

highlights that investors require compensation for exposure to intangible-

intensive firms.

Due to their inherent opacity and non-physical nature, intangible assets

complicate credit evaluation, increasing information asymmetry and po-

tentially heightening systemic financial risk. Traditional credit assessment

models struggle with these assets, and banks face significant information

asymmetry due to accounting’s inability to adequately capture intangibles

such as R&D, human capital, and brand value. This opacity can lead to

credit mispricing, where lenders undervalue resilient firms or overfinance

fragile ones. Moreover, intangibles are often unsuitable as collateral due to

illiquidity and difficulty in separation during default, increasing the likeli-

hood that financial distress translates into extreme stock price movements.

These challenges are further amplified by regulatory and accounting frame-

works, which shape how financial institutions assess and respond to the

risks posed by intangibles. Regulatory frameworks like Basel II exacer-

bate these challenges by diverting resources from developing robust assess-

ment methodologies (Guimón, 2005). Differences in impairment approaches

under various accounting standards further complicate bankruptcy pre-

diction, while R&D investments are often associated with financial con-

8
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straints, increasing risk exposure for firms with high intangible intensity

(Li, 2011). Overstatement of intangible values, for example through good-

will, can trigger severe earnings shocks and disproportionate price declines,

while accounting standards like International Financial Reporting Stan-

dards (IFRS) may systematically underestimate bankruptcy risk relative

to more conservative frameworks. Intangibles thus act as “latent vectors

of fragility,” amplifying information asymmetry and translating accounting

ambiguity into systemic risk, ultimately affecting both credit and equity

markets and contributing to left-tail extreme events.

High levels of intangible assets are also associated with increased agency

costs. Outside investors typically lack detailed knowledge of managerial

decisions, particularly in technology-driven firms, which allows managers

significant discretion (Martins et al., 2010). The uncertain recognition of

intangibles in financial statements complicates valuation, making private

information acquisition profitable and necessitating greater analyst cover-

age (Barth et al., 2001b). Consequently, firms with substantial intangible

assets exhibit pronounced information asymmetry and agency costs. The

connection between intangibles and extreme risk has been empirically doc-

umented (Jia, 2018; Wu and Lai, 2020), motivating the research in Chapter

4.

The relationship between managerial incentives and firm outcomes is closely

shaped by information asymmetry between managers and investors. Em-

pirical evidence suggests that compensation structures influence how man-

agers make decisions under asymmetric information. For example, Kim

et al. (2011a) finds that equity-based compensation for Chief Financial

Officers (CFOs) significantly affects managerial behavior, whereas similar

incentives for CEOs show no measurable effect, indicating that the design

of incentives can alter risk-taking and reporting practices. Similarly, He
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(2015) examines the role of CEO inside debt holdings, which create long-

term stakes in the firm and align managerial actions with the interests

of creditors. Managers with inside debt are more likely to act conserva-

tively and prioritize financial stability, thereby reducing agency conflicts

and improving the reliability of corporate reporting. Building on these

insights, the second study of this thesis investigates how managerial incen-

tives, particularly inside debt holdings, interact with information asymme-

try to shape firm-level outcomes.

Chapter 4 further investigates how a firm’s holding of intangible assets is

influenced by top managers’ risk-taking incentives. The study addresses

gaps in understanding the determinants of intangible asset levels from a

managerial perspective. Managers with compensation tied to debt, so-

called inside debt, are motivated by the firm’s overall value rather than

equity alone (Jensen and Meckling, 1976). This incentive structure miti-

gates agency costs, discourages unnecessary risk-taking, encourages ethical

behavior, reduces bankruptcy risk, and promotes transparent corporate re-

porting. Intuitively, the presence of inside debt holdings among managers

is expected to be negatively related to a firm’s intangible intensity, provid-

ing a direct link between managerial incentives, information asymmetry,

and the firm’s asset composition.

Having examined how information asymmetry and firm characteristics drive

crash risk at the micro level, Chapter 5 turns to the macro perspective,

investigating how country-level political and economic uncertainty con-

tributes to aggregate stock market tail risk. Another essential source of

extreme events comes from political and economic uncertainty. Increasingly

frequent global shocks, such as unexpected policy or regulatory changes,

strongly influence corporate stock market performance, as examined in pre-

vious chapters. Because these shocks rarely remain confined within national

10
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borders, their spillover effects on international financial markets raise im-

portant questions about systemic vulnerabilities. Chapter 5 therefore ex-

tends the analysis to the cross-country level, investigating how external

shocks transmit across markets and amplify tail risk in the global financial

system.

External shocks, including the contagious impact of COVID-19 or surpris-

ing election outcomes, can deliver abrupt and powerful disruptions that

affect not only local stock markets but also the global financial system.

COVID-19, the third major coronavirus outbreak in less than two decades,

evolved into the most severe global pandemic, resulting in millions of cases

and fatalities worldwide and inflicting substantial damage on the global

economy. The pandemic and the widespread shutdowns across countries

undermined tourism, trade, and transport industries, and even generated

food shortages (Albulescu, 2020), thereby inevitably harming financial mar-

kets, increasing volatility, and eroding investors’ confidence. Historical par-

allels reinforce this point: Barro et al. (2020) documents similar effects of

the 1918–20 Great Influenza Pandemic, which depressed stock returns and

heightened volatility. Collectively, these episodes reveal that major exter-

nal events induce heightened uncertainty in both policymaking and the

macroeconomic environment. Similar impacts have been documented from

other sources, including natural disasters (Kowalewski and Śpiewanowski,

2020), news events (Li, 2018), environmental policies (Guo et al., 2020),

and even sports outcomes (Buhagiar et al., 2018).

As one of the most influential external factors, Economic Policy Uncer-

tainty (EPU) plays a central role in shaping stock market volatility. EPU

captures the fear and ambiguity generated by unstable policy environments,

and empirical evidence consistently shows its strong effect on financial mar-

kets (Zhu et al., 2019; Antonakakis et al., 2019; Chen and Chiang, 2020). Li
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(2020), for instance, reveals the causal impact of domestic EPU on China’s

market volatility, as well as the spillover effect from U.S. policy uncertainty

shocks. Moreover, national elections are closely tied to policy consistency

and regulatory outcomes, directly influencing investor confidence. For ex-

ample, President Trump’s reversal of environmentally friendly policies af-

ter his electoral victory negatively affected firms dependent on traditional

chemical fuels, particularly in industrial and transport sectors. These ex-

amples illustrate that political and policy-driven uncertainty can function

as a trigger for broad market disruptions and constitute an important driver

of financial instability.

Against this backdrop, it is crucial to clarify why this chapter emphasizes

systematic tail risk rather than firm-level crash risk, in contrast to other

chapters of this study. Contemporary financial research increasingly recog-

nizes two distinct dimensions of extreme downside risk exposure: system-

atic tail risk and firm-level stock price crash risk. Although both phenom-

ena manifest as severe negative returns, their origins, transmission mecha-

nisms, and implications for financial stability differ fundamentally.

Systematic tail risk originates from macroeconomic shocks with the po-

tential to disrupt the entire financial system. Such shocks include global

recessions, geopolitical crises, or liquidity spirals that simultaneously affect

broad asset classes. During the 2008 financial crisis, for example, correlated

institutional failures created feedback loops in which forced asset liquida-

tions depressed asset prices, which in turn triggered additional rounds of

deleveraging across the banking sector. These dynamics reflect the fat

tails observed in market return distributions and indicate non-diversifiable

systemic risks. By contrast, firm-level crash risk arises from firm-specific

vulnerabilities, especially from hiding bad news, leading to return patterns

with frequent small gains and occasional sharp declines. Unlike systematic
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shocks, these episodes are largely confined to the affected firm or sector.

Three key differences highlight the distinct economic nature of systematic

tail risk and stock price crash risk. First, scope and contagion. System-

atic tail risk affects the entire market because assets are correlated and

institutions are interconnected. For example, during the COVID-19 mar-

ket collapse in March 2020, what began as localized selloffs quickly turned

into an 18-trillion-dollar global equity decline as liquidity dried up across

asset classes. By definition, systematic tail risk is closely linked to systemic

crises. In a broad market crash, all stocks lose value, but those with higher

tail betas suffer more. During the 2008–09 financial crisis, high-tail-beta

stocks lost about two to three times as much as low-tail-beta stocks. In

contrast, stock price crash risk is mostly a firm-level phenomenon. Macroe-

conomic shocks, such as high inflation, sanctions, or other adverse trends,

can increase the likelihood of firm-specific crashes, however, measures of

crash risk (like NCSKEW or DUVOL) mainly reflect residual, firm-specific

variation, even during market downturns.

Second, diversifiability. Systematic tail risk cannot be easily reduced through

diversification, because it is embedded in market-wide exposures. Firm-

specific risks, including stock price crashes, tend to decrease when investors

hold diversified portfolios, since the risks are idiosyncratic.

Third, measurement. Systematic tail risk is typically measured using ex-

treme value techniques, tail beta calculations, or macroeconomic left-tail

quantile regressions, such as GDP growth tail quantiles. Stock price crash

risk, on the other hand, is measured with firm-level indicators, such as neg-

ative skewness of returns or the probability of earnings restatements. Sys-

tematic tail risk is influenced by country-level economic conditions, because

broad shocks, such as GDP declines, financial crises, or policy uncertainty,
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affect the whole market and increase the likelihood and severity of extreme

losses. Stock price crash risk is influenced by these shocks only indirectly,

to the extent that they change the environment in which firm-specific bad

news is released or concealed.

The prioritization of systematic tail risk in this chapter is not merely an

academic choice but one aligned with the research objective of studying

cross-country financial fragility under uncertainty. Firm-level crash risk pri-

marily erodes shareholder value within individual corporations, and while

costly, such events are often mitigated through portfolio diversification and

corporate governance reforms. By contrast, systematic tail risk carries un-

paralleled societal costs: macro-tail events ignite self-reinforcing liquidity

spirals, leading to margin calls, forced liquidations, collapsing asset prices,

and further rounds of distress. This mechanism was evident not only in

2007–09 but also in subsequent crises, including the 2020 pandemic. Asset

pricing evidence further underscores its significance: Bartram et al. (2021)

documents that a 1% increase in macroeconomic tail risk, measured by

consumption growth tail probabilities, raises expected equity returns by

approximately 2.3%, highlighting that investors receive a substantial eq-

uity premium specifically for exposure to systemic catastrophes, which is

not present in the pricing of firm-specific crash risk.

Methodologically, this choice follows the approach of Kelly and Jiang (2014).

Their aggregate downside risk measure is specifically designed to capture a

common market-wide tail factor by combining information from all listed

firms. Using this framework at the country level maintains consistency with

its original purpose. In contrast, applying it at the firm level would diverge

from the model’s assumptions. It would also fail to isolate the systemic

component that is most relevant for macroeconomic shocks, such as EPU.
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Moreover, systemic shocks impose broader structural consequences that

firm-level collapses cannot replicate. The U.S.–China tariff escalation in

2025, for instance, initially disrupted individual supply chains but rapidly

spread into market-wide distress through correlated panic selling and in-

stitutional deleveraging. Within days, liquidity dried up across equities,

bonds, and even safe-haven assets like gold, erasing trillions in market cap-

italization. Such episodes illustrate how macroeconomic or geopolitical un-

certainty transforms into systemic fragility, undermining not just firms but

the integrity of the global financial architecture. Equally important, the

cross-country design of this chapter further motivates the use of aggregate

tail risk: while firm-level crash risk reflects firm-specific characteristics, its

distribution is inevitably influenced by country-specific factors such eco-

nomic growth, industry structure, and inflation situation; aggregate tail

measures provide a consistent and comparable metric across markets, en-

abling coherent international analyses.

Therefore, this chapter adopts systematic tail risk as the focal variable be-

cause it better captures the undiversifiable, market-wide consequences of

political and economic uncertainty. While firm-level crash risk remains im-

portant in corporate governance and microfinance studies, it is systematic

tail risk that most directly reflects the destabilizing impact of pandemics,

elections, or policy shocks on international financial markets. This choice

ensures consistency with the overarching research question of this chap-

ter: to understand how global uncertainty translates into systemic market

dislocations and amplifies financial instability at the macroeconomic level.

The empirical result of this thesis is organized into three chapters, each

addressing tail risks from a different perspective, but all contributing to a

unified research agenda on the determinants and implications of extreme

downside risk in financial markets.
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Chapter 3 investigates the role of external shocks, focusing on climate-

change exposure and its impact on firm-level stock price crash risk. Build-

ing on the bad news hoarding framework, this chapter examines whether

firms more exposed to climate-related risks are more likely to crash, whether

the effect varies with the intensity and dimension of exposure, and whether

climate-related regulations exert a causal influence on downside risk. The

analysis is situated within the growing literature on climate finance and

corporate disclosure, providing novel evidence on how environmental fac-

tors propagate into financial fragility.

Chapter 4 turns inward to the firm’s internal structure, examining how

managerial incentives and information asymmetry interact to shape finan-

cial fragility.A central focus is the role of intangible assets, whose opacity

and valuation difficulty heighten information asymmetry between managers

and investors. This asymmetry not only encourages selective disclosure of

adverse information but also increases credit and corporate finance vul-

nerabilities, ultimately transmitting risk to equity markets and amplifying

the likelihood of extreme downside events. The chapter explores whether

incentives for conservative managerial behavior, particularly those associ-

ated with inside debt, mitigate these risks by discouraging opportunistic

reporting and excessive intangible accumulation. By linking managerial-

compensation structures to firms’ tail-risk exposure via intangibles, the

chapter highlights the micro-level governance and accounting mechanisms

through which information asymmetry transforms into systemic vulnera-

bility. In doing so, it complements the external perspective of Chapter 3

by showing how endogenous firm characteristics and internal governance

arrangements also drive crash risk.

Chapter 5 broadens the lens to the macroeconomic environment, analyz-

ing how country-level Economic Policy Uncertainty (EPU) affects systemic
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tail risks in equity markets. By linking policy-induced uncertainty with the

distribution of aggregate market returns, this chapter shows that tail risks

are not only driven by firm-level exposures or internal governance struc-

tures but also by macroeconomic policy dynamics that amplify downside

vulnerabilities.

Taken together, the three chapters provide a comprehensive and multi-

layered analysis of financial tail risks. Chapter 3 emphasizes the role of

external shocks (climate change), Chapter 4 demonstrates how information

asymmetry and managerial incentives generate vulnerabilities within firms,

and Chapter 5 investigates macro-level policy uncertainty. By integrating

these perspectives, the dissertation contributes to a deeper understanding

of how tail risks emerge, interact, and propagate across different levels of the

financial system. This integrated framework not only advances academic

debates in asset pricing, corporate governance, and financial economics,

but also offers practical insights for policymakers and market participants

seeking to mitigate the adverse consequences of extreme downside risk.

1.2 Aim and Research Questions

Financial markets are inherently exposed to extreme downside risks, com-

monly referred to as left-tail risks, which capture the probability of se-

vere negative returns. These risks are particularly consequential because

they not only affect individual investors’ portfolios but can also propagate

through the financial system, potentially leading to broader economic in-

stability. Over the past decades, episodes of market crashes, corporate

scandals, and global crises have highlighted the importance of understand-

ing the determinants of left-tail risk. However, despite substantial academic
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attention, several critical gaps remain.

First, while a rich literature examines firm-level determinants of stock price

crash risk, the role of emerging environmental factors, such as climate

change exposure, remains underexplored. Climate-related risks have be-

come increasingly salient due to regulatory shifts, investor attention, and

physical risks associated with global warming. Understanding how these

risks translate into extreme downside movements in stock prices is therefore

essential, yet empirical evidence remains limited.

Second, firm-level studies often emphasize observable financial metrics but

frequently overlook the interaction between managerial incentives, corpo-

rate governance, and intangible assets in shaping risk outcomes. Infor-

mation asymmetry and bad news hoarding, for example, are theorized to

amplify crash risk, yet few studies systematically link these internal corpo-

rate mechanisms with firm characteristics over time, especially considering

the evolving structure of executive compensation.

Third, at the macro level, uncertainty, whether stemming from economic

policy, trade disputes, or global shocks, has been shown to affect market-

wide tail risk. However, the underlying drivers of systematic tail risk itself

remain relatively underexplored. Much of the existing literature analyzes

firm-specific or cross-country risks in isolation, leaving limited understand-

ing of what triggers extreme market-wide events.

Addressing these gaps is crucial for both academic understanding and prac-

tical risk management. By linking firm-level exposures, managerial behav-

ior, and macroeconomic uncertainty to left-tail risk, this thesis aims to pro-

vide a more comprehensive understanding of the factors driving extreme

downside events in financial markets. This integrated perspective allows for

a richer investigation of the interplay between microeconomic and macroe-
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conomic determinants of tail risk, highlighting channels that are relevant

for policymakers, regulators, and investors alike.

The aim of this thesis is to thoroughly investigate several factors that may

cause left-tail risk in financial markets at different levels. Across the chap-

ters, equity market risks are analyzed separately at the firm level and the

cross-country level. At the firm level, the thesis focuses on stock price crash

risk, as it strongly reflects the distributional characteristics of stock prices

and the degree of tail risk. Typically, investors expect higher returns for

higher skewness (Harvey and Siddique, 2000), implying that stock price

crash risk is an important factor in asset pricing. Against the backdrop

of growing concerns about global warming and climate change, Chapter 3

investigates how exposure to climate change affects stock market risk at

the firm level, with stock price crash risk as the primary research focus.

A panel dataset comprising measures of stock price crash risk, firm-level

climate change exposure, and a set of control variables for all firms listed on

U.S. stock exchanges during the period 2006–2020 is employed for the em-

pirical analysis. The panel regression results indicate a significant positive

relationship between firms’ climate change exposure and stock price crash

risk. Moreover, using data from the same period, the theory of bad news

hoarding is also validated in this context. By further applying a difference-

in-differences (DiD) model, the causal effect of the external shock caused

by Trump’s election is demonstrated. Specifically, for firms exposed to

climate-change-related regulations, the election of President Trump was

beneficial for stock market performance.

The mechanism underlying stock price crash risk is closely related to the

bad news hoarding theory, as developed by Jin and Myers (2006). Beyond

crash risk itself, information asymmetry is a central driver of various corpo-
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rate vulnerabilities, influencing accounting quality, financial reporting, and

broader firm-level risk exposures. Building on this perspective, Chapter 4

investigates how internal corporate factors shape the level of information

asymmetry. In particular, the chapter focuses on firms’ holdings of intan-

gible assets, which are inherently opaque and have been linked not only to

stock price crash risk (Wu and Lai, 2020) but also to broader financial and

corporate risks. It further examines how managerial incentives to avoid

misconduct, such as compensation structures tied to inside debt, affect the

accumulation of intangibles and, consequently, the firm’s exposure to tail

risk.

The sample for this chapter covers all firms listed on U.S. stock exchanges

from 2006 to 2022, as the SEC’s expansion of executive compensation dis-

closure requirements in 2006 provides the starting point for the analysis.

Using ExecuComp data to construct measures of inside debt and com-

bining these with firm characteristics, the analysis documents a negative

relationship between CEO and CFO inside debt and firms’ intangible asset

intensity. To further address endogeneity concerns and ensure the validity

of the results over a longer term, instrumental variable methods and first-

difference regressions are employed. To provide robustness against outliers

while offering a fuller picture of the results, quantile regression methods are

also applied. Additionally, bid-ask spread is used as an alternative measure

in robustness tests to account for potential market microstructure effects.

The empirical evidence confirms the robustness of the conclusion that man-

agerial incentives help promote ethical decision-making, with CEOs playing

a particularly important role in this process.

At the cross-country level, the aggregate tail risk measure introduced by

Kelly and Jiang (2014) is applied to capture the left-tail features of stock

markets across countries. Motivated primarily by the outbreak of COVID-
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19 and its catastrophic impact on the global economy, Chapter 5 inves-

tigates whether and how Economic Policy Uncertainty (EPU) increases

financial market risk at the cross-country level. Tail risk measures are con-

structed using data from all publicly listed firms in each country’s equity

market, following Kelly and Jiang (2014). Using these tail risk measures,

the EPU measurement denoted as BBD index to capture EPU, and a set

of control variables for country-level economic conditions, panel regression

methods are employed to test the positive relationship between EPU and

country-level tail risk. To ensure robustness, the U.S. presidential election,

which is arguably the most influential political event globally, is included

as an indicator in the regression. Political polarization is used as an instru-

mental variable to further validate the causal interpretation of the results,

and the findings remain consistent. Beyond EPU, this chapter also inves-

tigates other uncertainty measures, such as World Trade Uncertainty and

global concerns about pandemics, in light of the catastrophic consequences

of the unprecedented COVID-19 event.

The research questions of this thesis can be summarized as follows:

1) Is firm-level stock price crash risk influenced by exposure to climate

change?

2) How does the degree and type of climate change exposure affect stock

price crash risk?

3) Does this effect follow the theoretical framework of bad news hoard-

ing?

4) Is there a causal effect of climate-change-related regulation on stock

price crash risk?
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5) Do managerial incentives for conservative behavior affect firms’ in-

tangible asset holdings?

6) Between CEOs and CFOs, which plays a more important role in this

relationship?

7) Does country-level Economic Policy Uncertainty influence equity mar-

ket tail risks at the cross-country level?

1.3 Potential Contribution

This thesis offers several significant contributions to the literature on left-

tail risks in financial markets, particularly focusing on firm-level dynamics

and cross-country analyses.

At the firm level, this thesis explores the relationship between climate

change exposure and stock price crash risk. Building upon the “bad news

hoarding” theory, it empirically demonstrates that firms with greater expo-

sure to climate-related risks tend to withhold negative information, leading

to an increased likelihood of stock price crashes. This finding aligns with re-

cent studies indicating that firms’ climate risk exposure negatively impacts

stock liquidity and may contribute to higher crash risk.

Furthermore, this research extends the understanding of climate-related

risks by introducing a novel metric for firm-level climate risk exposure,

addressing the challenge of capturing idiosyncratic climate impacts. The

analysis reveals that firms highly exposed to climate change experience

more severe stock price crashes, highlighting the importance of incorporat-

ing environmental factors into asset pricing models.

The second part of this thesis delves into the role of managerial incentives
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in shaping firms’ intangible asset holdings and their implications for stock

price crash risk. By examining the relationship between CEO and CFO

inside debt holdings and the intensity of intangible assets, the study finds

a negative association, suggesting that managerial incentives to mitigate

risk-taking behaviors influence the accumulation of intangible assets.

This finding contributes to the literature by providing empirical evidence

on how executive compensation structures can impact corporate decision-

making regarding intangible assets. It also offers insights into the mech-

anisms through which managerial incentives can influence firm-level risk

profiles, particularly in the context of information asymmetry and the po-

tential for stock price crashes, financial misreporting, and other corporate

vulnerabilities.

At the cross-country level, this thesis investigates the impact of Economic

Policy Uncertainty (EPU) on aggregate tail risk in equity markets. Uti-

lizing the tail risk measurement framework proposed by Kelly and Jiang

(2014), the study demonstrates that higher levels of EPU are associated

with increased left-tail risk in national stock markets. This finding un-

derscores the importance of macroeconomic policy stability in maintaining

financial market resilience.

Additionally, the research examines the effects of specific political events,

such as the U.S. presidential election, on market uncertainty, providing

further evidence of how political factors can influence global financial mar-

kets. The analysis also explores the implications of global concerns, such

as the COVID-19 pandemic, on cross-country tail risk, highlighting the

interconnectedness of global events and financial stability.
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1.4 Thesis Structure

The thesis is organized into six chapters. Chapter 1 introduces the overall

framework of the study, outlining the research background and motivation,

the aims and objectives, the research questions, the expected contributions,

and the structure of the thesis. Chapter 2 provides a comprehensive review

of the literature relevant to the research themes.

Chapter 3 presents the first empirical study, which examines the link be-

tween firm-level climate change exposure and stock price crash risk. The

second empirical analysis, focusing on the role of CEO versus CFO debt-

based compensation in shaping the reporting of intangible assets, is dis-

cussed in Chapter 4. Chapter 5 investigates the association between eco-

nomic policy uncertainty (EPU) and systemic tail risk at the cross-country

level. Finally, Chapter 6 concludes the thesis by summarizing the key find-

ings and highlighting their theoretical and practical implications.
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2.1 Green Finance

Climate change is widely regarded as one of the most serious challenges fac-

ing global society. The damage it causes can affect every individual on the

planet by altering the Earth’s living environment. Consequently, growing

concern about climate change inevitably influences the economy and finan-

cial markets. Empirical studies, including Burke et al. (2015), Dell et al.

(2012), and Hsiang (2010), provide evidence that macroeconomic activity

is substantially depressed by global warming. Governments’ increasing fo-

cus on combating climate change introduces significant risks for corporate

management, as related regulations can alter the business environment dif-

ferently across firms, generating heterogeneous uncertainty. Fossil fuels, for

instance, have been widely used over past decades and remain crucial to

industrial production in almost every sector, while large-scale greenhouse

gas emissions are a primary contributor to global warming. Heightened

concern over this issue can significantly affect future economic and finan-

cial activity, particularly for carbon-intensive firms, which may experience

reduced investor confidence.

The uncertainty induced by climate change on the macroeconomy arises

through multiple channels. One strand of research examines how rare cli-

mate disasters affect economic activity. Weitzman (2014) investigates how

low-probability yet potentially catastrophic climate events increase the so-

cial cost of carbon emissions. Barro (2015) explores the trade-off between

the probability of rare disasters and optimal environmental investment,

while Bansal et al. (2017) demonstrates that climate shocks can have per-

sistent impacts on welfare and consumption dynamics, both in the present

and in the future. At the firm level, climate-related regulations can have

heterogeneous effects. For carbon-intensive firms, regulatory interventions
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may increase operational costs or restrict access to external financing from

institutions such as banks, which seek to comply with climate-related reg-

ulatory standards (Litterman, 2021).

The financial sector plays a central role in shaping the economic conse-

quences of climate change. It not only intermediates capital allocation for

environmentally sustainable projects but also serves as a transmission chan-

nel for climate-related regulation (Wang and Zhi, 2016). Green finance, for

instance, can guide investment flows toward sustainable businesses, reallo-

cate capital in an environmentally responsible manner, and mitigate finan-

cial risks associated with climate change (Eyraud et al., 2013; Taghizadeh-

Hesary and Yoshino, 2019). Furthermore, climate risk is typically classi-

fied into two categories: physical risk, arising directly from climate impacts

(e.g., production losses due to rising sea levels), and transition risk, reflect-

ing the challenges of adapting business models and corporate practices to

low-carbon requirements (Giglio et al., 2020).

Different types of climate risks affect financial assets heterogeneously, and

this heterogeneity has important implications for asset pricing. A growing

body of empirical research seeks to quantify how climate-related risks are

incorporated into financial markets. For example, Ilhan et al. (2021) exam-

ines tail risks associated with carbon emissions in options markets and find

differential effects depending on firms’ carbon intensity. Engle et al. (2020)

develops a climate news index based on textual analysis of high-dimensional

newspaper data, which has been employed by Huynh and Xia (2021) to

demonstrate that bonds with higher climate-news betas tend to yield lower

subsequent returns. From a theoretical perspective, Lemoine (2021) adopts

an asset-pricing framework to show that climate-related uncertainty affects

future consumption through precautionary savings motives, damage scal-

ing with consumption, and the covariance between future consumption and

27



2.1. GREEN FINANCE

current emission reductions. Collectively, these studies highlight that cli-

mate risk is increasingly priced across different asset classes.

The impact of climate change on financial markets is also evident at the

industry level. Hong et al. (2019) documents that droughts reduce prof-

itability and stock returns for firms in the food sector, while Giglio et al.

(2021) and McKenzie and Levendis (2010) provide evidence that climate

risk is priced in real estate markets. Taken together, these findings sug-

gest that heterogeneous exposure to climate risk serves as a determinant

of asset returns and tail risks in equity markets, thereby underscoring the

importance of examining firm-level climate exposure as a potential driver

of stock price crash risk.

A central challenge in climate finance is measuring firms’ exposure to cli-

mate change. Sautner et al. (2020) develops a firm-level climate change

exposure metric using machine learning combined with text analysis of

10-K financial reports. This measure has been shown to effectively price

climate-related risk in equity markets, and Sautner et al. (2023) further

applies this metric to estimate equity premia based on firm-level climate

exposure. Similarly, Li et al. (2020a) constructs a corporate climate risk

exposure index using earnings call transcripts. These methodological ad-

vances provide a foundation for studying how firm-level climate exposure

may contribute to financial tail risk, particularly stock price crash risk.

Linking these firm-level measures with theories of information asymmetry

and “bad news hoarding” (Hong et al., 2019; Giglio et al., 2021) offers

a framework for understanding how climate exposure can translate into

idiosyncratic tail risk in the stock market. Firms with higher exposure

to climate-related risks may face more severe negative shocks in equity

returns, highlighting the importance of integrating environmental factors
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into asset pricing and risk management models.

2.2 Stock Price Crash Risk

Stock price crash risk is a critical feature of stock return distributions, re-

flecting the left-tail risk of equity returns. It carries important implications

for asset pricing across various financial instruments, including stocks and

options. For instance, Kim and Zhang (2014) links crash risk to option

pricing theory by connecting financial reporting opacity with the volatil-

ity smirk, a key anomaly in option pricing models. Similarly, Harvey and

Siddique (2000) finds that conditional skewness contributes to explaining

the cross-sectional variation in expected asset returns, highlighting the rel-

evance of left-tail risk for asset pricing.

The theoretical foundation for most empirical studies on stock price crashes

is provided by Jin and Myers (2006), who argue that information asym-

metry is the primary driver of crashes. Managers may withhold negative

information to protect their benefits and employment, and when accumu-

lated bad news reaches a tipping point, its sudden disclosure can trigger

dramatic declines in stock prices (Kothari et al., 2009; Jin and Myers,

2006). Transparency and accounting conservatism play a key role in miti-

gating such risks. Firms that maintain transparent financial reporting are

less likely to conceal negative information, and empirical evidence supports

this relationship. For example, Hutton et al. (2009) finds that opaque firms

are more susceptible to crashes, while Kim and Zhang (2014) shows that

accounting conservatism reduces crash risk. Furthermore, Zhu (2016) docu-

ments a positive association between high accruals and stock price crashes,

suggesting that aggressive income management, which is often linked to
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managerial benefits, contributes to bad news hoarding.

Internal factors within firms can influence the likelihood of stock price

crashes through policies and reporting practices. Financial conservatism

(Kim and Zhang, 2016) and the adoption of International Financial Re-

porting Standards (IFRS) (DeFond et al., 2015) enhance the credibility

of financial information, especially in environments with poor information

quality. The quality and readability of financial disclosures are also cru-

cial: He (2015) and Kim et al. (2019) demonstrate that higher reporting

quality and more readable 10-K filings are associated with lower crash risk,

indicating that transparency mitigates the propensity to hoard negative

information. Other internal corporate behaviors, such as tax avoidance

(Kim et al., 2011b) and corporate social responsibility practices (Kim et al.,

2014), further shape managerial incentives and affect crash likelihood.

Managerial characteristics represent another key dimension influencing crash

risk. CEO traits, such as age, overconfidence, and power, have been found

to affect the likelihood of crashes. For example, younger CEOs are more

willing to take risks to enhance personal benefits, whereas older CEOs pri-

oritize firm stability (Andreou et al., 2017). CEO overconfidence (Kim

et al., 2016) and high levels of managerial power (Al Mamun et al., 2020;

Harper et al., 2020) are positively associated with crash risk. Other per-

sonal factors, such as marital status, may also influence risk-taking behavior

(Kim et al., 2022). Similar patterns have been observed for CFOs, where

overconfidence and equity-based incentives can drive riskier corporate de-

cisions, potentially exacerbating crash risk (Qiao et al., 2022; Kim et al.,

2011a).

External factors, including governance structures, monitoring, and market

conditions, further contribute to the dynamics of stock price crashes. Insti-
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tutional investor oversight generally reduces crash risk, as does ownership

by public pension funds (Callen and Fang, 2013). Auditors providing tax-

related services can also help mitigate crashes, supporting the notion that

effective external supervision reduces information asymmetry (Habib and

Hasan, 2016). Conversely, certain governance arrangements, such as direc-

tors appointed by local governments, may intensify crash risk by prioritiz-

ing state interests over shareholder value, reinforcing agency problems (Lee

and Wang, 2017). Chen et al. (2001) suggests that unusually high trading

volumes may indicate bad news hoarding, while Chang et al. (2017) finds

that high market liquidity can increase crash risk because managers antic-

ipate investor reactions to negative information. Callen and Fang (2015b)

shows that higher short-term interest rates can amplify crashes as investors

exploit price declines through short-selling strategies.

Overall, the literature demonstrates that stock price crash risk arises from

a complex interplay of internal and external factors, such as managerial in-

centives, corporate policies, governance structures, and market dynamics,

but remains largely focused on traditional determinants. Existing studies

predominantly examine how these mechanisms operate through channels

of information asymmetry and limited risk diversification, thereby shaping

crash risk in asset pricing. However, relatively little attention has been

paid to emerging systemic shocks, particularly those associated with cli-

mate change and sustainability-related regulatory interventions. Given the

increasing salience of environmental and policy uncertainties in financial

markets, investigating the influence of firm-level climate change exposure

represents a critical and timely extension of the existing literature.
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2.3 Intangible Assets

Intangible assets are conceptualized as a class of economic resources that

generate value for firms despite lacking physical substance. The growing

importance of intangible assets has been widely recognized in the literature,

as traditional accounting and financial reporting models often fail to cap-

ture the value created by innovation, skills, knowledge, and creativity (Blair

and Wallman, 2003; Bond et al., 2000). Blair and Wallman (2003) defines

intangible assets as non-tradable resources that can be applied in produc-

tion and are expected to generate future economic benefits. With the rapid

development of technological innovations, including advances in computing

and artificial intelligence, intangible assets have become increasingly cen-

tral to firms’ competitiveness and differentiation (Lev, 2000), prompting

a growing body of research focused on their measurement, valuation, and

management.

Accurately classifying and defining intangible assets remains a challeng-

ing task. Ideally, classifications should enhance the utility of intangible

asset measurement, yet the objectives of such classification are often am-

biguous (Khalidi, 2013; Abeysekera, 2016; Nobes, 2018). This conceptual

ambiguity contributes to ongoing debates regarding the measurement of

intangible assets. Basu and Waymire (2008) emphasizes the cumulative,

synergistic, and frequently inseparable nature of intangible assets from tan-

gible assets, arguing that they are inherently geared toward creating future

value. In contrast, others regard many intangible expenditures as cur-

rent expenses rather than capital investments, particularly when the assets,

such as brands, are unique and difficult to value (Lonergan, 2009). Such

differences in interpretation and reporting create significant challenges for

investors attempting to assess the real value of a firm’s intangible resources.
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To better understand the practical implications of these conceptual chal-

lenges, empirical studies have examined how intangible assets are reported

and perceived in the market. These studies further explore whether intan-

gible assets are value-relevant and reliable. Dahmash et al. (2009) finds

that while intangible assets are indeed value-relevant, their reporting re-

liability varies. For instance, goodwill is often reported conservatively,

whereas identifiable intangible assets tend to be reported more aggressively.

This asymmetry exacerbates information problems and contributes to fi-

nancial constraints. Investments in intangible assets are generally more

sensitive to financing limitations compared with tangible assets (Masayuki

et al., 2012), as they are difficult to pledge as collateral (Fedderke et al.,

2007). Consequently, many firms treat expenditures on intangible assets

as current-period expenses rather than capital investments (Yallwe and

Buscemi, 2014), reflecting a lack of standardized accounting guidelines.

This inconsistency in recognition, measurement, and reporting amplifies

agency costs and creates potential for adverse selection and moral haz-

ard, which can undermine the effective contribution of intangible assets to

corporate value.

The literature also highlights the impact of intangible asset disclosure on

market perceptions. Kallapur and Kwan (2004) finds that stock prices re-

spond positively to announcements of brand capitalization, with the mag-

nitude of the response increasing with the reliability of the reported in-

formation. Similarly, Lev (2000) underscores the difficulty for investors

to fully comprehend knowledge- and skill-based resources, which increases

agency costs and information asymmetry. Experimental evidence by Luft

and Shields (2001) shows that firms’ decisions to capitalize rather than ex-

pense intangible expenditures affect the accuracy and consistency of future

profit forecasts, further emphasizing the importance of disclosure quality.
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Conversely, Skinner (2008) argues that current accounting standards fail to

recognize knowledge-based intangibles, which may lead to a growing diver-

gence between book values and market values. Nevertheless, this gap does

not necessarily impede firms’ ability to raise capital, as the stock market

may assign value to such intangible resources (Fama and French, 2004),

highlighting the role of intangible assets from an asset-pricing perspective.

Importantly, the treatment and reporting of intangible assets are closely

linked to corporate governance and managerial decision-making. The in-

centives and discretion of top executives, particularly CEOs and CFOs, can

influence both the accumulation and disclosure of intangible assets, as well

as broader financial policies. For example, managerial risk preferences,

equity-based compensation, and internal debt holdings may shape how

firms invest in, capitalize, and report intangible resources. Understand-

ing these dynamics is critical because they affect not only the efficiency

of resource allocation within the firm but also the transparency and infor-

mativeness of financial reporting, which ultimately influences stock market

behavior and firm valuation. Therefore, exploring the interaction between

managerial incentives and intangible assets provides a natural extension of

the literature on corporate finance, accounting conservatism, and informa-

tion asymmetry, and lays the groundwork for subsequent analyses of how

executive behavior affects firm-level risks, including stock price crash risk.

Building on this perspective, recent studies emphasize the downside risks

associated with intangible assets in relation to bankruptcy and credit dis-

tress. Because they cannot be easily liquidated or pledged, intangibles

often amplify financing constraints and information asymmetry. Good-

will accounting, with impairment-only testing, creates additional volatility

by generating sudden downward shocks that heighten creditors’ concerns

(Amoros et al., 2023). Empirical work further shows that while advertising
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and R&D may enhance long-term earnings potential, they can complicate

liquidation and creditor negotiations, thus undermining recovery prospects

in bankruptcy. Jones (2011) finds that failing firms capitalize intangible

assets more aggressively than non-failing firms, that such capitalization is

strongly associated with earnings management, and that voluntary capi-

talization of intangibles has significant predictive power for firm failure.

Horsch et al. (2021) shows that patent invalidation leads to an exogenous

reduction in firms’ intangible capital, which in turn reduces leverage by

approximately 14%, with the effect being stronger for smaller or less cred-

itworthy firms. This evidence suggests that firms that rely heavily on in-

tangible assets for financing are more exposed to shocks affecting leverage

and short-term debt management, thereby facing higher bankruptcy risk.

Overall, fluctuations in intangible assets not only affect financing capac-

ity but also influence financial stability through changes in capital struc-

ture. Jindal and McAlister (2015) finds that although these assets improve

bankruptcy prediction models, their protective role is conditional, and Jin-

dal (2020) stresses that they operate as a double-edged sword: expected

cash flows may rise, but distress costs and survival risks often increase when

markets turn adverse. Overall, intangible intensity tends to heighten op-

erational and financial fragility, making firms more exposed to bankruptcy

and credit risk when external conditions deteriorate.

2.4 Inside Debt

Equity-based compensation is widely recognized as a source of agency prob-

lems between managers and shareholders, as documented extensively in the

literature (Coles et al., 2006; Low, 2009). Specifically, when managers are

compensated primarily through equity, such as stock or options, they may
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prioritize the interests of shareholders over those of debt holders, gener-

ating potential conflicts between the two. This issue was first formalized

by Jensen and Meckling (1976), who proposed that firms should design an

optimal compensation structure that balances equity- and debt-based in-

centives to mitigate such conflicts. In particular, this framework highlights

the role of “inside debt” compensation, which is unsecured and unfunded

but aligned with corporate performance, as it encourages managers to re-

duce debt costs and adopt less risky strategies to lower the probability of

financial distress.

Subsequent studies have explored the optimal structure of equity- and debt-

based compensation in more detail. Edmans and Liu (2011) emphasizes

that inside debt exposes managers to the same default risk faced by exter-

nal debt holders, thereby aligning managerial wealth with the liquidation

value of the firm under default scenarios. Similarly, Agrawal and Man-

delker (1987) and Barnea et al. (1980) argue that a carefully structured

combination of debt- and equity-based compensation has been argued to

mitigate managerial incentives to favor either shareholders or debt hold-

ers, suggesting that the optimal compensation structure should reflect the

firm’s capital structure. By doing so, firms can reduce agency costs and

promote decision-making that is more consistent with the overall interests

of the firm.

Empirical evidence supports the idea that inside debt encourages more con-

servative managerial behavior. For example, Wei and Yermack (2011) finds

that CEOs with high levels of inside debt tend to hold firms with relatively

high debt value but lower equity value, and this is associated with more

prudent financial policies. Cassell et al. (2012) further demonstrates that

empirical evidence indicates that CEO inside debt holdings are negatively

associated with the volatility of future stock returns, R&D expenditures,
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and financial leverage, while positively associated with firm diversification

and asset liquidity. Additional studies report that CEO inside debt is

linked to lower cost of debt (Anantharaman et al., 2014; Chava and Pur-

nanandam, 2010; Wang et al., 2010), higher abnormal bond returns and

long-term operating performance during M&A transactions (Phan, 2014),

fewer restrictive covenants on private loans (Anantharaman et al., 2014),

higher firm cash holdings (Liu et al., 2014), and reduced default risk with

better management outcomes during financial crises (Bennett et al., 2015;

Chen et al., 2010). Collectively, these findings illustrate that inside debt

not only constrains managerial risk-taking but also aligns managerial in-

centives with both shareholder and debtholder interests.

The theoretical rationale behind the effectiveness of inside debt is closely

related to its role in mitigating agency problems. Debt-based compensa-

tion exposes managers to the risk of firm underperformance and bankruptcy

(Edmans and Liu, 2011), thereby discouraging unethical or overly aggres-

sive behavior (Noe, 2009; Nachman and Noe, 1995). In this context, man-

agers thereby assume dual roles as both agents and stewards of corporate

resources. The asymmetry of information, whereby executives possess priv-

ileged knowledge about corporate assets, can create opportunities for self-

serving behaviors, such as tunneling. By tying compensation to the firm’s

default and liquidation outcomes, inside debt reduces these agency costs,

encouraging managers to safeguard corporate assets and make prudent fi-

nancial decisions.

Importantly, inside debt differs from fixed compensation schemes such as

salaries and bonuses, which exhibit lower sensitivity to the firm’s liquida-

tion value. As Edmans and Liu (2011) points out, inside debt provides

positive payoffs proportional to the liquidation value in bankruptcy, en-

suring that managers share the risk exposure of external debtholders. In
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contrast, traditional bonuses may offer zero payoff under default conditions

and, in some scenarios, may inadvertently induce executives to engage in

excessive risk-taking in order to avoid bankruptcy. This alignment effect

is particularly relevant in ensuring that managerial decisions are not only

oriented toward short-term performance but also toward preserving firm

value under adverse conditions.

Taken together, the extant literature demonstrates a robust association

between managerial inside debt holdings and more conservative corporate

behavior, with significant implications for corporate finance and risk gover-

nance. Executives with greater exposure to inside debt tend to implement

less aggressive financial policies, mitigate firm default risk, and exhibit

heightened accountability in decision-making processes. These empirical

insights provide a critical foundation for examining how executive com-

pensation structures shape firm-level risk-taking, inform capital structure

decisions, and influence the strategic management of both financial and

operational resources.

2.5 Economic Policy Uncertainty

Political and economic uncertainty can generally be defined as the occur-

rence of unpredictable changes or announcements of regulations that affect

fiscal, monetary, or other public policies, which in turn influence financial

markets, economic ecosystems, and corporate management (Abel, 1983).

Over the past few decades, globalization has interconnected economies more

closely than at any previous point in human history, contributing to the

augmentation of global productivity and economic development. At the

same time, this interconnectedness increases the potential for the spillover
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of unexpected events, demonstrate that abrupt shocks can engender sub-

stantial and pervasive consequences across countries. Historical instances

such as the 9/11 terrorist attacks, the Arab Spring, the surprising victory

of President Trump in the 2016 U.S. presidential election, Brexit, and the

COVID-19 pandemic illustrate how sudden shocks can produce severe and

widespread consequences on global economic and financial systems (Baker

et al., 2016). Given the central role of major economies such as the United

States in global trade and finance, political disputes and policy uncertainty

have become critical areas of concern, especially during periods of contested

elections or unexpected policy shifts. These developments underscore the

necessity of understanding economic policy uncertainty (EPU), particularly

considering the lessons learned from past crises, such as the 2008 global fi-

nancial downturn, where abrupt changes in fiscal, financial, taxation, and

monetary regulations contributed to systemic economic losses (Al-Thaqeb

and Algharabali, 2019).

Economic policy uncertainty has been shown to have significant effects on

macroeconomic variables. Elevated EPU can suppress GDP growth (Bal-

cilar et al., 2016), reduce corporate investment (Bernanke, 1983), and slow

overall economic development (Bloom, 2009). Household investment, as a

key component of domestic consumption and a reflection of market confi-

dence, is especially responsive to variations in economic policy uncertainty.

Under conditions of elevated uncertainty, households tend to defer con-

sumption and investment decisions because assets appear less attractive,

personal incomes are uncertain, and corporate profitability may decline

(Bloom, 2009; Pastor and Veronesi, 2012). These effects are markedly

pronounced during economic recessions (Giglio et al., 2016) and can have

long-term consequences for capital formation (Barrero et al., 2017). Uncer-

tainty in the economic environment also influences employment decisions,
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as firms tend to limit hiring or reduce labor expenditures in anticipation

of potential shocks (Bloom, 2014), thereby indirectly affecting household

consumption and economic growth.

The recognition of these significant macroeconomic effects has motivated

efforts to quantify economic policy uncertainty more accurately. A widely

employed indicator is the Chicago Board Options Exchange’s implied volatil-

ity index (VIX), which captures equity market uncertainty at the firm level.

However, the VIX is limited to equity market fluctuations and fails to fully

capture broader dimensions of economic and policy risk. Other approaches

have explored uncertainty through news-based indices, investor sentiment,

firm-level conference calls, election outcomes, and macroeconomic indica-

tors (Da et al., 2015; Hassan et al., 2019; Scotti, 2016; Julio and Yook,

2012; Jurado et al., 2015). Although informative, these methodologies fre-

quently exhibit limited generalizability, require extensive data collection,

and are difficult to replicate (Al-Thaqeb and Algharabali, 2019). To ad-

dress these limitations, Baker et al. (2016) develops the EPU measurement

denoted as the BBD index for the United States, which integrates infor-

mation from news coverage, policy announcements, market behavior, and

economic indicators into a single, comprehensive metric. The BBD index

correlates strongly with other indicators of uncertainty, such as the VIX,

and provides a robust tool for analyzing both historical and contempo-

rary periods of heightened uncertainty. Extending this framework, Davis

(2016) constructs global EPU indices for sixteen major economies, enabling

cross-country comparisons of political and policy risk exposure.

Economic policy uncertainty has profound implications for corporate fi-

nance through both internal and external channels. Internally, elevated

economic policy uncertainty engenders greater managerial prudence, lead-

ing executives to reduce risk-taking and adopt more conservative opera-
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tional strategies (Bloom, 2009). Externally, uncertainty can increase the

cost of capital by restricting access to credit and increasing financial con-

straints, thereby raising the probability of corporate default. Empirical

studies provide consistent evidence for these channels. For example, Çolak

et al. (2017) finds that gubernatorial elections in the United States sub-

stantially depress IPO activity in the two years preceding elections, accom-

panied by declining stock prices, whereas post-election periods witness a

subsequent recovery in activity. Similarly, Nguyen and Phan (2017) doc-

uments that EPU negatively affects M&A activity, lowers bid premiums,

and encourages firms to complete acquisitions with stock rather than cash,

extending the time required for transaction completion. Bonaime et al.

(2018) confirms these findings, showing that fiscal, monetary, and financial

regulations have the strongest depressive effect on M&A activity, whereas

policies in healthcare, national security, and trade exert minimal influence.

In response, firms undertake vertical or cross-border mergers to mitigate

risk exposure to diversify risk and protect stockholder value under height-

ened uncertainty.

Corporate investment is highly sensitive to political uncertainty. Empirical

evidence shows that exogenous shocks from political events, particularly

closely contested U.S. presidential elections, can significantly suppress in-

vestment activity, with estimates suggesting a 5% reduction during election

years (Jens, 2017; Julio and Yook, 2012). This pattern is further illustrated

by the 2007–2008 financial crisis, during which both capital expenditures

and borrowing declined sharply, highlighting the pronounced sensitivity of

corporate investment to policy-induced uncertainty (Kahle and Stulz, 2013;

Gulen and Ion, 2016). Interestingly, while policy uncertainty (EPU) tends

to dampen short-term investment, it can paradoxically encourage long-

term R&D expenditure, as firms seek to sustain profitability in uncertain
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environments (Stein and Stone, 2013).

The effect of EPU is not uniform across all firms. Those that are more finan-

cially constrained, operate in less competitive industries, or undertake more

irreversible investments experience more pronounced negative impacts. In

addition to decreased external financing availability, firms also engage in

precautionary cash hoarding to mitigate the risk associated with high un-

certainty (Kahle and Stulz, 2013; Riddick and Whited, 2009; Im et al.,

2017). This behavior reflects risk-averse incentives engendered by height-

ened policy uncertainty, further depressing short-term investment despite

potential long-term benefits.

Finally, economic policy uncertainty can be conceptualized as a system-

atic risk factor priced within financial markets. According to Pastor and

Veronesi (2012), unexpected policy changes tend to depress stock prices,

and the magnitude of this effect increases with higher uncertainty levels.

This framework positions EPU as a systematic risk factor that is priced

into equity and credit markets. Subsequent research has validated this

perspective, showing that policy uncertainty affects stock option pricing

(Pástor and Veronesi, 2013), firm-level stock volatility (Aye et al., 2018),

and credit spreads (Gilchrist et al., 2014). Emerging market economies ex-

hibit heightened sensitivity to economic policy uncertainty, with stronger

effects observed on investment and private consumption compared to de-

veloped economies (Carrière-Swallow and Céspedes, 2013). Additionally,

policy shocks can influence the correlation between asset classes, including

stock-bond correlations (Li et al., 2015; Fang et al., 2017) and the variance

of gold futures (Fang et al., 2018), further underscoring the pervasive im-

pact of policy-induced uncertainty on financial decision-making and market

outcomes.
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2.6 Tail Risk

Infrequent extreme events, often referred to as “black swan” events, signif-

icantly affect economic activity and investment behavior. Portfolio man-

agers have long been concerned with left-tail risk since Fama (1963) and

Mandelbrot (1963) identify the heavy-tailed nature of unconditional re-

turn distributions, which can be described using power-law distributions.

Building on this foundation, subsequent research has emphasized the time-

varying nature of tail risk (Quintos et al., 2001; Galbraith and Zernov,

2004). This observation aligns with the empirical fact that extreme events

are rare and inherently difficult to predict. Together, their rarity and un-

predictability make tail risks particularly critical for both risk management

and asset pricing considerations.

Tail risks are recognized as essential factors in asset pricing models, and

their relevance to investors is well-documented. For example, Straetmans

and Chaudhry (2015) investigates tail risk at both the individual bank level

and the systemic level in the U.S. and the eurozone, revealing higher levels

of both individual and systemic tail risk in U.S. markets. Similarly, Gilli

and Këllezi (2006) applies extreme value theory to six major stock market

indices—Hang Seng, Dow Jones, Euro Stoxx 50, FTSE 100, Nikkei 225,

Swiss Market Index, and S&P 500—using metrics such as Value-at-Risk

(VaR), Expected Shortfall, and return levels, with associated confidence

intervals. Their results consistently show that the left tails of all indices are

fatter than the right tails, highlighting the prominence of extreme negative

returns.

Empirical evidence also indicates that equity returns exhibit increased cor-

relation during periods of heightened market volatility (Van Oordt and

Zhou, 2016). For instance, King and Wadhwani (1990) analyzes the 1987
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stock market crash and attributed it to information transmission across

markets, whereby rational investors inferred market-wide risk. Longin and

Solnik (1995) further examines monthly excess returns and found a posi-

tive relationship between correlation and volatility, suggesting that tail risk

dynamics influence inter-market co-movements. In the same vein, Karolyi

and Stulz (1996) documents that international correlations, such as be-

tween U.S. and Japanese markets, are affected by broad market index un-

certainty. Subsequent studies (Longin and Solnik, 2001; Ang and Bekaert,

2002) show that these correlation effects are amplified during bear markets

but not during bull markets, emphasizing the asymmetric nature of tail

risk. Collectively, these findings underscore the predictive power of tail

risk for stock market returns and its dynamic evolution over time.

The relevance of tail risk extends directly to asset pricing. Arzac and

Bawa (1977) proposes a model in which investors maximize utility under

VaR constraints. Bollerslev and Todorov (2011b) analyzes the interplay

between variance risk premiums and quality premiums, while Chapman

et al. (2018) demonstrates that the tail risk index developed by Kelly and

Jiang (2014) captures a significant component of cross-sectional return dis-

count rates. Additional empirical work (Bali et al., 2009; Chollete and Lu,

2011; Huang et al., 2012) validates the intertemporal relationship between

tail risk measures and market excess returns. Other studies explore higher-

order moments, showing that conditional skewness (Harvey and Siddique,

2000) and kurtosis (Dittmar, 2002) meaningfully contribute to explaining

cross-sectional stock returns. Moreover, Bakshi et al. (2003) links varia-

tions in risk-neutral skewness and kurtosis to option pricing dynamics.

Macro-financial implications of rare disasters are also well-documented.

Gourio (2012) incorporates a time-varying rare disaster probability into

a closed economy business cycle model, demonstrating that such disas-
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ters reduce output, investment, stock prices, and risk-free interest rates

via both capital accumulation and productivity channels. Extending this

framework, Gourio (2012) examines firms’ capital structure decisions and

shows that although debt financing provides tax shields in normal times,

it also increases firms’ exposure to bankruptcy risk during rare disasters,

thereby raising the cost of capital and widening credit spreads. The impor-

tance of tail risk for financial institutions is further underscored by Muir

(2017), who finds that asset price declines during crises, wars, meanwhile

recessions are especially pronounced in financial crises, highlighting the

systemic relevance of extreme events for investors.

One of the most notable contributions of tail risk research is its ability to

address long-standing asset pricing puzzles. The equity premium puzzle

(Mehra and Prescott, 1985) highlights the unexpectedly high return on

stocks relative to government bills, which standard consumption-based risk

models cannot explain. Similarly, the equity volatility puzzle, which is

defined as the discrepancy between observed stock return volatility and

the volatility of underlying cash flows, challenges traditional models such

as the consumption CAPM. Research indicates that incorporating low-

probability economic disasters into asset pricing frameworks helps reconcile

these anomalies. For example, Rietz (1988) extends the Lucas-Mehra model

by including a rare, depression-like third state, successfully accounting for

high equity risk premia and low risk-free rates.

The volatility puzzle is also linked to predictive relationships involving

the price-dividend ratio (Fama and French, 1989; Cochrane, 1992; Keim

and Stambaugh, 1986). Excess returns are determined by realized and

expected future cash flows, including dividends, and discount rates. The

classical consumption CAPM assumes stock return volatility should match

consumption volatility; however, empirical evidence contradicts this, par-
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ticularly during financial crises and recessions, where consumption volatil-

ity remains relatively stable while stock return volatility rises dramatically.

Barro (2006) proposes a solution by introducing stochastic, persistent vari-

ation in the probability of rare economic disasters, thereby relaxing the

i.i.d. assumption of shocks to productivity growth and aligning model

predictions with observed high equity premiums, low risk-free rates, and

volatile stock returns.

Modeling time-varying rare disaster probabilities naturally raises challenges

in measurement. Several methods have been developed to quantify left-tail

risk and its implications for financial markets. Arzac and Bawa (1977) em-

ploys VaR-constrained utility maximization, while Bali and Cakici (2004)

links VaR and firm characteristics to expected stock returns, validating

the positive association between VaR and monthly market returns. Boller-

slev and Todorov (2011b) introduces an Investor Fear Index connecting

tail risk to equity premia. More recently, Dierkes et al. (2024) system-

atically evaluates sixteen tail risk measures grouped into four categories:

option-implied measures (Andersen et al., 2020; Bollerslev and Todorov,

2011b, 2014; Bollerslev et al., 2015; Gormsen and Jensen, 2022; Gao et al.,

2018), stock-return-based measures (Kelly and Jiang, 2014; Christoffersen

et al., 2012; Maheu et al., 2013), option-return-based measures (Lu and

Murray, 2019; Cremers et al., 2015), and macroeconomic data-based mea-

sures (Adrian et al., 2019). Their results indicate that certain measures,

particularly those proposed by Bollerslev and Todorov (2011a) and Kelly

and Jiang (2014), demonstrate significant predictive ability for future tail

events, tail volatility, and market returns over both short and long hori-

zons.
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3.1 Introduction

The increasing attention to climate change and its potential risks and costs

to the financial market has sparked a surge in research in this area, raising

concerns among both firms and investors. In a speech at Lloyd’s of Lon-

don, Mark Carney, the former Governor of the Bank of England, empha-

sized that extreme weather events could have devastating and destabilizing

effects on financial markets (Carney, 2015). These effects include higher

costs arising from extreme weather events, depreciation of fossil fuel assets,

and lawsuits against companies implicated in climate change. Polluting

firms are also exposed to risks such as environmental protests, reputational

damage, and government fines. Carney warned that the costs of climate

change, which the current generation has little incentive to address, will

ultimately be borne by future generations. He urged governments to do

more to encourage firms to confront this issue and disclose their current

and future carbon emissions.

Motivated by these concerns, recent scholarship increasingly investigates

the extent to which climate risks are priced in asset markets. Recent stud-

ies highlight the importance of incorporating climate risks into investment

decisions. For instance, Bansal et al. (2016) treats climate risk as a long-

run risk factor in asset pricing models, suggesting that it is worth hedging

through financial instruments. Other works, such as Bolton and Kacper-

czyk (2021) and Hsu et al. (2020), examine the cross-section of carbon risk

and the environmental pollution premium in stock markets, showing that

these issues are highly relevant for investors. Research on the pricing of

environmental risk further reveals that climate risk often exerts an influ-

ence on security markets, particularly equities, but is sometimes mispriced

(Hong et al., 2019; Daniel et al., 2016; Kumar et al., 2019).
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At the firm level, the realized effects of climate change are already visible in

corporate performance. The influence of climate risk on asset pricing partly

reflects its realized effects on corporate performance. A related strand of

the literature focuses on the firm-level effects of extreme weather events.

Addoum et al. (2021) shows that corporate earnings are adversely affected

by extreme temperatures. Similarly, Pankratz et al. (2019) documents that

firm revenues and operating income decline with increased exposure to high

temperatures, while Kruttli et al. (2021) analyzes how stock and options

markets react to extreme weather events. Collectively, these studies demon-

strate the critical importance of pricing climate risk in equity markets, as

this has direct implications for investors’ decision-making.

There is also evidence linking corporate environmental practices and in-

vestor behavior. For example, Hoepner et al. (2018) connects environmen-

tal policies with downside and overall portfolio risks, finding that stronger

environmental policies reduce such risks. They also show that investors are

attentive to firms’ attitudes toward climate issues, with Environmental,

Social, and Governance (ESG) disclosure serving as a credible signal that

helps mitigate downside risk.

Precisely because environmental issues exert significant impacts on the

economy and investment, governments have strong incentives to intervene.

Such interventions, however, often take the form of climate policies and

regulations, which themselves generate further repercussions for financial

markets. This is especially true for firms that are highly exposed to cli-

mate rules. Hsu et al. (2022) develops a general equilibrium model in which

firms’ cash flows are a function of environmental policy changes. Their re-

sults suggest that stricter regulation reduces emissions but also lowers firm

profitability. The adverse financial impact, reflected in stock price declines,

is most pronounced among high-emission firms that are more vulnerable to
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regulatory shifts, compared to low-emission firms. Similarly, Seltzer et al.

(2022) emphasizes regulation as a primary channel through which environ-

mental risks are embedded in security prices, given its immediate relevance

for market participants (Krueger et al., 2020). Devaluation of firms heavily

exposed to climate regulation can also hurt financial institutions and pen-

sion funds that hold such investments, potentially undermining consumer

confidence and destabilizing the global economy, leading to a decline in

living standards. Such extreme financial outcomes may translate into tail

risk in equity returns, motivating the examination of stock price crash risk.

However, quantifying firm-level exposure to climate change remains empir-

ically challenging, yet it is a crucial step for analyzing its financial conse-

quences. Assessing such exposure is complicated by uncertainties regarding

climate developments, evolving policy responses, and firm heterogeneity

(Sautner et al., 2020). To address these challenges, Sautner et al. (2020)

proposes a novel approach employing textual analysis and machine learning

on earnings call transcripts. This method captures climate exposure more

effectively than traditional ESG reports or 10-K filings, as analysts often

raise targeted questions even when managers avoid explicit climate-related

disclosures.

Extreme firm-level outcomes from climate exposure, such as sudden earn-

ings shocks, regulatory penalties, or managerial bad news hoarding, can

propagate to stock prices, creating asymmetric downside risk. Firms with

high climate vulnerability may experience abrupt declines in equity value

when negative information is revealed or when anticipated regulatory costs

materialize. Moreover, investors increasingly demand compensation for

climate-related exposure (Bolton and Kacperczyk, 2021; Krueger et al.,

2020), indicating that such extreme outcomes are both likely and finan-

cially material. These considerations underscore the relevance of stock
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price crash risk as a measurable reflection of firms’ exposure to climate-

driven extreme events and motivates the study of this chapter.

To capture this risk, three widely used metrics are employed: negative skew-

ness (NCSKEW ), down-to-up volatility (DUVOL), and the yearly gap be-

tween stock crashes and stock jumps (COUNT ). Consistent with the “bad

news hoarding” theory, the accumulation of undisclosed negative informa-

tion has been shown to be a significant driver of stock price crashes (Ball,

2009; Kothari et al., 2006). Accordingly, the relationship between firm-

level climate exposure and stock price crash risk is examined, integrating

both the financial consequences of extreme climate events and managerial

information behavior.

Recent studies further support this perspective by showing that investors

explicitly price climate-related tail risks. Both investors and scholars in-

creasingly emphasize the need for compensation for climate-related ex-

posures (Bolton and Kacperczyk, 2021; Krueger et al., 2020). Evidence

also indicates that investors pay attention to firms’ environmental prac-

tices (Hoepner et al., 2018; Murata and Hamori, 2021). Consistent with

this, Ilhan et al. (2021) documents that the cost of protecting against op-

tion market tail risk is higher for carbon-intensive firms. Collectively, these

studies provide strong motivation for the present analysis, suggesting that

climate change exposure creates incentives for managers to hoard bad news,

thereby raising the likelihood of stock price crashes.

The empirical setting for this study is the U.S. stock market. The United

States provides a particularly relevant environment for analyzing the link

between climate change exposure and stock price crash risk. A key reason

is the political and regulatory landscape. The 2016 presidential election

marked a sharp turning point in U.S. climate policy. The Trump adminis-
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tration reversed environmental regulations and initiated withdrawal from

the Paris Agreement, producing a discontinuity in corporate expectations

regarding climate-related policies (Wagner et al., 2018). This policy rever-

sal is not only a domestic event but also one of the most globally salient

political shocks to climate governance. As the world’s largest economy and

one of the largest emitters of greenhouse gases, U.S. policy signals under the

Trump administration shaped global discourse on climate regulation and

influenced the credibility of international agreements. However, the imme-

diate and most direct effects were concentrated in the U.S. market, where

firms faced sudden changes in regulatory oversight, disclosure requirements,

and enforcement intensity. Other countries experienced these shocks only

indirectly through spillover channels, such as shifts in global climate nego-

tiations or trade policies. Prior work shows that this political shock had

heterogeneous financial consequences: firms with high climate vulnerability

experienced negative valuation effects, whereas carbon-intensive firms were

temporarily rewarded by anticipated deregulation (Chatjuthamard et al.,

2024). Thus, the U.S. provides not only a unique quasi-natural experiment

for studying the market consequences of climate-related policy shifts but

also the most direct and immediate setting in which to capture the financial

impact of such globally significant political events.

Beyond regulation, the U.S. offers unparalleled data infrastructure that en-

ables a rigorous examination of climate change exposure and stock price

crash risk. CRSP and Compustat provide comprehensive and high-quality

stock return and accounting data, allowing researchers to construct well-

established crash risk measures. The Federal Election Commission (FEC)

further supplies detailed records of corporate political donations, which

have been extensively used to capture managerial political orientation, an

important determinant of crash risk that has been documented in prior
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U.S.-based studies (Chen et al., 2022). Similarly, cultural variables such

as religiosity and local social norms have been shown to significantly affect

firms’ disclosure practices, risk-taking behavior, and ultimately crash risk

(Callen and Fang, 2015a). These measures are uniquely available and reli-

able in the U.S., but largely absent in international markets. Importantly,

because the U.S. stock market is among the most efficient and liquid in

the world, consistent with the Efficient Market Hypothesis, these political,

cultural, and textual factors are more likely to be rapidly incorporated into

market prices. Indeed, empirical research has already demonstrated the

effectiveness of these channels in explaining variation in stock price crash

risk within the U.S. context. To ensure comparability with the extant lit-

erature and to fully account for external influences, this study therefore

relies on the U.S. market, which offers both the most comprehensive data

infrastructure and the highest level of empirical tractability for examining

climate-related crash risk.

This chapter hypothesizes that firms with greater exposure to climate

change are more susceptible to stock price crashes. The sample includes

U.S. firms listed between 2006 and 2020, and companies with higher cli-

mate exposure are more likely to trigger stock price crashes, particularly

those facing intense regulatory scrutiny. The underlying mechanism is the

uncertainty surrounding regulation, which incentivizes managers to conceal

negative news. In this context, Myers et al. (2007) argues that firms often

extend positive earning strings by hoarding bad news, and crashes occur

when accumulated negative information is released all at once.

In addition to regulatory uncertainty, the role of public attention is also

examined. Choi et al. (2020) shows that abnormally high temperatures

increase public awareness of climate change, and in financial markets, dur-

ing periods of heightened attention, carbon-intensive firms underperform
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relative to low-carbon firms. This suggests that public scrutiny imposes

pressure and oversight on managers, making it harder to conceal adverse

information. Building on this idea, the chapter tests whether stock price

crashes linked to climate exposure diminish during periods of high public

attention, using Google search volume to construct dummy variables for

high-attention periods.

Finally, the chapter examines the effect of President Trump’s unexpected

election victory and his subsequent environmental policies. A difference-

in-differences (DiD) estimation with all control variables included is de-

signed to compare high- and low-exposure firms, and results confirm that

firms highly exposed to climate regulation benefited disproportionately

from Trump’s deregulatory stance. Together, these analyses highlight how

climate exposure, regulatory uncertainty, public attention, and political

shocks jointly influence stock price crash risk.

This chapter makes several contributions. First, it adds to the literature

on green finance. Prior work highlights that climate-related uncertainty af-

fects corporate performance and policy-making, thereby influencing finan-

cial markets (Ilhan et al., 2021; Ryan, 2012; Seltzer et al., 2022). Scholars

have also developed methods to price and hedge climate risks (Engle et al.,

2020; Avramov et al., 2021; Bansal et al., 2016; Barnett et al., 2020). This

chapter extends these studies by directly linking climate risk exposure with

stock market performance.

Second, it contributes to the literature on stock price crash risk. The

theoretical foundation was laid by Jin and Myers (2006), who argue that

managers’ hoarding of firm-specific bad news can lead to stock price crashes

when the information is suddenly released. Building on this, subsequent

research identifies various channels through which crash risk operates. For
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instance, Hutton et al. (2009) links opaque financial reporting to crash

risk, while Kim et al. (2011a) highlights the role of executive equity in-

centives. Later studies show that managerial characteristics also influence

crash risk, such as age (Andreou et al., 2017) or strategic orientation (Jia,

2018). Market competition has also been shown to play a role (Li and

Zhan, 2019). This chapter complements the literature by introducing cli-

mate change exposure as a new motivation for bad news hoarding. Firms

heavily exposed to climate risks face higher potential costs and devalua-

tion in capital markets, which heightens managerial incentives to conceal

adverse information.

The remainder of this chapter proceeds as follows. Section 3.2 develops the

hypothesis and situates the study within the existing literature. Section

3.3 describes variable construction, research design, and methodologies.

Section 3.4 presents the empirical results. Section 3.5 explores the bad news

hoarding channel. Section 3.6 investigates how public attention interacts

with climate exposure to influence the likelihood of stock price crashes.

Section 3.7 investigates the effect of Trump’s election on highly exposed

firms. Finally, Section 3.8 concludes this chapter.

3.2 Literature Review

3.2.1 Stock Price Crash Risk and Bad News Hoard-

ing Theory

A growing body of research has developed widely accepted measures to

proxy the risk of infrequent stock price crashes. Chen et al. (2001) in-

troduces two influential measures: the negative coefficient of skewness
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(NCSKEW ) and down-to-up volatility (DUV OL), both of which capture

firm-level crash risk. Building on these measures, Jin and Myers (2006)

links the concept of stock price crash risk to the bad news hoarding the-

ory. This theory explains that managers, motivated by self-interest, have a

tendency to withhold negative information from investors. However, such

concealment cannot persist indefinitely. Over time, as the accumulation of

negative news or poor performance reaches a tipping point, managers are

forced to release the information all at once. This sudden disclosure leads

to a sharp drop in stock prices, i.e., a crash.

According to this theoretical framework, stock price crashes can arise from

conflicts of interest between managers and investors. For example, Bleck

and Liu (2007) argues that managers sometimes continue projects with

poor prospects in order to protect their private benefits, even at the expense

of shareholder value. Similarly, Benmelech et al. (2010) provides evidence

that managers conceal bad news to preserve the growth potential of their

future stock options. Further, Andreou et al. (2017) demonstrates that

younger CEOs have a greater propensity to withhold or delay the disclosure

of adverse operational outcomes. Because their current and future wealth

is more sensitive to corporate performance, they face stronger incentives

to accumulate hidden losses, thereby increasing the likelihood of severe

stock price crashes. In addition, Kim et al. (2019) shows that information

opacity also matters: firms with more readable 10-K reports, indicating

lower information opacity, tend to have lower crash risk, whereas lengthy

and complex reports are associated with higher crash risk due to concealed

bad news.

The occurrence of stock price crashes can be understood within the frame-

work of asymmetric information. Recent studies extend the mechanism

of crash risk along several dimensions. As summarized by Habib et al.
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(2018), these include financial reporting and corporate disclosures (Hut-

ton et al., 2009; Chen et al., 2017), managerial incentives and character-

istics (Kim et al., 2011b; He, 2015), capital market transactions (Callen

and Fang, 2015b), corporate governance mechanisms (Andreou et al., 2016;

Yuan et al., 2016), and informal institutional factors such as social norms

or religion (Cao et al., 2016; Callen and Fang, 2015a). Collectively, this

literature highlights that stock price crash risk is deeply rooted in both

information asymmetry and managerial incentives.

3.2.2 Green Finance and Firm level climate exposure

This study examines the hypothesis that stock price crash risk at the firm-

year level is systematically related to a firm’s exposure to climate change,

where exposure is measured using textual analysis of conference call tran-

scripts. The central idea is that climate change represents a non-traditional

but increasingly salient risk factor, one that investors are concerned about

and actively respond to in their portfolio decisions.

A number of prior studies have provided supporting evidence. For exam-

ple, Choi et al. (2020) investigates public attention to climate change using

Google search volume. They find that attention increases in response to un-

usual climate events, such as abnormal spikes in temperature. During such

periods, retail investors tend to sell the stocks of carbon-intensive firms,

thereby generating climate-related risks for these companies. Similarly,

Ilhan et al. (2021) demonstrates that climate policy uncertainty ampli-

fies tail risks in the option market, particularly for carbon-intensive firms.

Hoepner et al. (2018) shows that shareholder engagement on environmen-

tal ESG issues reduces downside risks, while Murata and Hamori (2021)

corroborates this finding with alternative methodologies, emphasizing that
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ESG-related engagement lowers crash risk. Together, these studies suggest

that investors are highly attentive to climate-related risks, and that such

risks manifest in financial markets through multiple channels.

Among these channels, policy and regulation are paramount. Climate poli-

cies and regulations designed to mitigate climate change may induce sharp

downward adjustments in asset prices, especially for firms with high carbon

exposure. Anticipating this, institutional investors, such as pension funds,

may reduce holdings in these firms to avoid potential losses. This can erode

consumer confidence and destabilize broader markets. At the firm level, the

heightened possibility of compliance costs, litigation expenses, and reputa-

tional damage creates incentives for managers to conceal these costs from

investors. Indeed, litigation risks are substantial: according to Setzer and

Higham (2021), as of May 2021, there were 1,841 climate-related lawsuits

worldwide, of which 1,387 were filed in the U.S. While most targeted govern-

ments, a growing number were directed at corporations, highlighting their

vulnerability. Ilhan et al. (2021) models how governments choose between

strong versus weak climate policies, and show that option-implied down-

side protection costs rise with climate policy uncertainty. Carbon-intensive

firms, in particular, bear higher costs of hedging tail risk, implying their

greater vulnerability to regulatory shocks. These costs can strain firms’

financial conditions, increasing bankruptcy risk, and further motivating

managers to hoard bad news to avoid immediate market penalties.

Beyond litigation and regulation, climate change concerns are also priced

in other financial instruments. For instance, Huynh and Xia (2021) shows

that corporate bonds of firms more exposed to climate news earn lower ex-

cess returns, consistent with investors treating such bonds as hedges against

climate risk. Similarly, Seltzer et al. (2022) demonstrates that firms with

higher carbon footprints face lower ratings and wider yield spreads in bond
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markets, especially in jurisdictions with stricter environmental regulation.

Furthermore, climate change affects firms’ internal financial strategies: Heo

(2021) documents that, following the Paris Agreement, firms more vulnera-

ble to climate risks increased cash holdings as a buffer against uncertainty,

particularly in climate-sensitive industries.

Institutional investors, given their long-term horizons, are particularly at-

tentive to firms’ climate-related disclosures. Drawing on Kothari et al.

(2009), which highlights management’s tendency to withhold bad news,

disclosure quality has become a critical ethical and strategic issue. Stud-

ies on ESG disclosures emphasize that they shape investor perceptions.

For example, Starks et al. (2017) finds that investors with longer horizons

prefer firms with stronger ESG performance, implicitly associating weaker

ESG disclosure with higher climate exposure. Similarly, Krueger et al.

(2020) reveals that institutional investors actively demand climate-related

disclosures and allocate capital accordingly, particularly when firms disclose

through Carbon Disclosure Project (CDP)-based channels. This evidence

suggests that disclosure quality not only influences investor preferences but

also interacts with managerial incentives to hoard bad news.

Empirical studies directly connect ESG disclosure to crash risk. Murata

and Hamori (2021) shows that ESG disclosure significantly lowers crash

risk, though the predictive effect varies by region: it is significant in Eu-

rope and Japan but weaker in the U.S. In a related study, Hoepner et al.

(2018) confirms that ESG engagement, particularly on environmental is-

sues, reduces downside risk. From an ethical perspective, ESG disclosure

signals managerial commitment to transparency and to addressing climate-

related risks, reducing the incentives for concealment.

Quantifying firm-level exposure to climate change remains a major chal-
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lenge, and it is unclear whether ESG-related information can serve as a

reliable proxy. The difficulty arises from uncertainty about the evolution

of climate change, heterogeneous firm-level impacts, and the lack of estab-

lished academic solutions. To address this, Sautner et al. (2020) develops a

textual analysis and machine learning approach to construct firm-level mea-

sures of climate change exposure. Building on this framework, the present

study links such exposure to the risk of stock price crashes. The underly-

ing hypothesis is that conference calls provide a key channel through which

investors access financial and managerial information, and managers may

recognize that climate-related discussions in these calls influence investor

reactions. Consequently, they may have incentives to withhold negative

news, which increases crash risk.

Earnings calls are particularly suitable as a data source for this purpose.

First, they are the primary medium for investors and analysts to under-

stand management perspectives and business activities, making them a

natural focus for evaluating firm risk. Second, compared with ESG re-

ports, earnings calls are less susceptible to greenwashing, as analysts can

pose direct questions and management responses are recorded. This in-

teractive nature also captures analysts’ concerns, which further reduces

managerial discretion over disclosure. While ESG reports or carbon emis-

sion data can be shaped by corporate intent, earnings calls provide a more

transparent and less manipulable record. Overall, Sautner et al. (2020)

offers a method to quantify firm-level climate exposure more accurately,

providing a foundation for assessing its implications for stock price crash

risk.

To sum up, the evidence supports the hypothesis that higher climate ex-

posure increases managerial stress, thereby amplifying incentives to hoard

bad news. Such concealment, in turn, raises the likelihood of stock price
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crashes.

Hypothesis 1 Firms with higher exposure to climate change would suffer

a higher extent of stock price crash risk.

The central hypothesis of this chapter is that firm-level exposure to climate

change increases stock price crash risk through the channel of bad news

hoarding. As argued by Myers et al. (2007), long consecutive strings of

earnings growth may often reflect the concealment of negative information.

When such concealment collapses, the break in the earnings string coincides

with a crash. Following Andreou et al. (2017), this study introduces an

CRASH BREAK STRING variable, a dummy equal to one when a crash

occurs simultaneously with an earnings string break, to identify whether

climate change exposure increases the probability of such events:

Hypothesis 2 The firm level climate change exposure would significantly

positively affect the possibility of occurrence of stock price crash induced by

the break of the increasing earning string.

If this assumption is empirically confirmed, it would provide evidence that

climate change exposure induces stock price crashes via the channel of bad

news hoarding.

In addition, public attention to climate change can moderate this relation-

ship. For instance, Choi et al. (2020) shows that public attention spikes

during abnormal weather, leading investors to sell carbon-intensive stocks.

Ilhan et al. (2021) further argues that rising public attention amplifies pol-

icy uncertainty, thereby raising the costs of concealment. As the costs of

hoarding bad news increase, managers face greater difficulty in sustaining
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concealment, weakening the link between exposure and crash risk. Thus,

the next hypothesis is:

Hypothesis 3 The extent of stock price crash risk caused by climate change

exposure would drop in times when public attention to climate change is

higher.

Finally, the political environment provides an external shock to test causal-

ity. The unexpected election of President Trump in 2016 represented a

major reversal of U.S. climate policy. Within six months of taking office,

Trump announced U.S. withdrawal from the Paris Agreement, and over

his tenure rolled back nearly 100 climate-related rules, such as relaxing

methane regulations, freezing fuel efficiency standards, and dismantling

the Clean Power Plan (Schwartz, 2019). These policy shifts disproportion-

ately benefited carbon-intensive firms while reducing regulatory pressures.

This context motivates the final hypothesis:

Hypothesis 4 Since the climate policy reversal by President Trump after

his election affected US firms differently based on their exposure to climate

change regulation, those are most exposed to regulation risk would benefit

the most.

3.3 Data Source and Summary Statistics

3.3.1 Climate Change Exposure Measurement

To measure firm-level climate change exposure, this study employs the

dataset provided by Sautner et al. (2020). The database covers firms from
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several countries between 2006 and 2020, which defines the sample period

and aligns with the availability of data on top managers’ characteristics.

The exposure measures are constructed through text-analysis of earnings

call transcripts at the quarter-firm level, and then aggregated to the year-

firm level by averaging the four quarterly measures. For computational

convenience, the exposure variables are scaled by one thousand.

The empirical setting of this study is the U.S. stock market, which provides

both a theoretically compelling and empirically tractable environment for

analyzing the link between climate change exposure and stock price crash

risk. A central justification lies in the efficient market hypothesis (EMH):

in one of the world’s most liquid and efficient markets, stock prices incor-

porate information rapidly, allowing extreme outcomes such as crashes to

be more cleanly attributed to fundamental shocks, such as managerial bad-

news hoarding or abrupt policy shifts, rather than market frictions or data

deficiencies. This theoretical clarity renders the U.S. market particularly

suitable for identifying the mechanisms of crash risk.

An additional advantage of the U.S. setting is the availability of a salient

and exogenous policy shock. The 2016 presidential election marked a sharp

reversal in U.S. climate policy under the Trump administration, character-

ized by deregulation and withdrawal from the Paris Agreement (Wagner

et al., 2018). This political reversal created a discontinuity in corporate

expectations regarding climate-related regulation and provides a quasi-

natural experiment well suited for a difference-in-differences framework.

Importantly, while this event was globally salient, the most immediate

and direct effects were concentrated in the U.S. market, where firms faced

sudden changes in regulatory oversight, disclosure requirements, and en-

forcement intensity. International markets experienced these shocks only

indirectly through spillover channels such as shifts in climate negotiations
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or trade policies. Prior studies confirm that this policy shock generated

heterogeneous valuation effects, with climate-vulnerable firms experiencing

negative consequences, whereas carbon-intensive firms were temporarily

rewarded by anticipated deregulation (Chatjuthamard et al., 2024).

A further consideration is comparability with existing literature. Although

a number of studies have extended their analyses to international settings,

many of the most influential works examining the interaction of politics,

culture, and firm outcomes still rely on U.S. data due to its unique availabil-

ity of granular information. For example, recent studies utilize natural dis-

asters (DISASTER, following Zhao et al., 2024), religiosity (RELIGION ,

following Callen and Fang, 2015a), and managerial political orientation

(POI , following Chen et al., 2022) to capture how political and cultural

contexts shape corporate behavior and financial risk. These variables have

been shown to significantly affect the risk of stock price crash. However,

comparable measures are largely absent or incomplete outside the U.S.,

making it challenging to replicate such identification strategies in other

markets. By situating the analysis in the U.S., this study not only leverages

the rich institutional and data infrastructure but also ensures methodolog-

ical alignment with this stream of literature. In this way, the findings can

be directly compared with existing studies and contribute to the broader

debate on how political and cultural forces shape financial risks.

The construction of the exposure measures relies on a machine learn-

ing–based approach to text analysis. Specifically, the algorithm begins

with a small set of seed bigrams that are unambiguously related to climate

change topics. It then uses this initial list to identify additional bigrams

that appear in earnings call transcripts and are likely associated with cli-

mate change. This iterative learning process enables the construction of a

comprehensive set of climate-related bigrams derived from the actual lan-

64



3.3. DATA SOURCE AND SUMMARY STATISTICS

guage used in conference calls. A key advantage of this method is that

it allows the model to “learn” meaningful expressions from the text, over-

coming the limitations of manual approaches, which are often inefficient in

identifying relevant terms. Importantly, the algorithm requires only a small

number of initial bigrams as input, yet it can expand this set systematically

to capture new and contextually relevant terms.

The baseline measure of climate change exposure, denoted as CC EXPO ,

is defined as the proportion of words in conference call transcripts that

belong to the climate-related bigram list. Formally,

CC EXPO j,t =
1

Bj,t

Bj,t∑
b

(1|b ∈ C) , (3.1)

where b = 0, 1, . . . , Bj,t are the bigrams contained in the conference call

transcripts of firm j in fiscal year t, C is the set of climate change bigrams,

and 1[•] is the indicator function.

For further analysis, Sautner et al. (2020) decomposes climate change expo-

sure into three subcategories: regulatory-, physical-, and opportunity-based

exposure. The first category captures regulatory interventions, the second

reflects physical risks such as damage from climate events, and the third

refers to opportunities arising from climate change, including terms like

“renewable energy” or “solar energy.” These components are informative

for this study, as they allow for testing of heterogeneous mechanisms that

may generate stock market risks depending on the specific type of expo-

sure investors perceive as most relevant. The three variables are denoted

as RG CC EXPO , PH CC EXPO , and OP CC EXPO , constructed from

the respective word lists CREG, CPHY , and COPP . However, it should be

noted that the tone of these exposures may vary: references can reflect
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either positive or negative expectations, which makes it difficult to evalu-

ate the sign of their impact on the stock market solely based on exposure

levels.

To address this issue, Sautner et al. (2020) also introduces several alter-

native measures. Among them, the risk exposure measure, denoted as

CC RISK , is central to this research. It specifically captures references to

climate change that occur in sentences also containing words such as “risk”

or “uncertainty,” thereby directly reflecting investors’ perception of risk,

which will be further examined as robustness test. Formally,

CC RISK j,t =
1

Bj,t

Bj,t∑
b

(1[|b ∈ C] × 1[b, r ∈ S]) , (3.2)

where S represents a sentence containing bigrams b = 0, 1, . . . , Bj,t, while r

contains the words “risk” or “uncertainty.”

Similarly, three sets of variables are constructed using words lists CREG,

CPHY and COPP mentioned before, denoted as RG CC RISK , PH CC RISK

and OP CC RISK .

The measure of exposure to climate change from the database have been

retrieved, made publicly available by Sautner et al. (2020).1 The authors

noted that within their sample of conference call transcripts, the most

prevalent regulation bigrams indicate regulatory and governmental actions

linked to climate change mitigation and the reduction of carbon emissions.

1https://osf.io/4xuvz/ (retrieved on 9th February 2022)
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3.3.2 Measures of Stock Price Crash Risk

Three measures of firm-specific stock price crash risk, proposed by Chen

et al. (2001); Kim et al. (2011a,b) and Wu and Lai (2020), are employed

in the analysis. All the measures are based on firm-specific weekly returns,

denoted Wj,w for firm j and week w, and are estimated as the natural

logarithm of one plus the residuals (i.e., Wj,w = ln(1 + ε̂j,w)) computed

from the following expanded market model:

rj,w = αj +β1,jrm,w−2 +β2,jrm,w−1 +β3,jrm,w +β4,jrm,w+1 +β5,jrm,w+2 + εj,w

(3.3)

where rj,w is the return on firm j in week w and rm,w is the return on the

CRSP value-weighted market index in the same week. The lead and the lag

terms of the market returns to account for the effects of non-synchronous

trading (Dimson, 1979; Hutton et al., 2009) is also included. The data on

individual stock prices and the market index is downloaded from CRSP.

The first crash risk measure, COUNT j,t, is calculated as the difference

between the number of stock price crashes and the number of jumps, expe-

rienced by firm j and observed within fiscal year t. A crash (jump) occurs

when Wj,w falls below (above) 3.09 standard deviations from the average

weekly return measured over fiscal year t.

The second measure is the negative coefficient of skewness of Wj,w over

fiscal year t, defined as follows:

NCSKEW j,t =
−
[
n (n− 1)

3
2
∑

W 3
j,w

]
(n− 1) (n− 2)

(∑
W 2

j,w

) 3
2

, (3.4)

where n stands for the number of weekly return observations during fiscal

year t. The NCSKEW measure normalises the negative value of the third
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moment of Wj,w, using the standard deviation of Wj,w raised to the third

power. The use of minus sign in the calculation of NCSKEW allows for

a natural interpretation of the variable where a large positive value of

NCSKEW corresponds to a high crash risk value.

The third measure is the down-to-up volatility, denoted DUV OL, and is

calculated as follows:

DUVOLj,t = ln

(nu − 1)
∑

Down

W 2
j,w

(nd − 1)
∑
Up

W 2
j,w

 , (3.5)

where nu and nd denote, respectively, the number of up and down weeks

within fiscal year t. The firm specific weekly returns Wj,w is separated above

and below the annual mean firm-specific return and regard each week as

an “up” and “down” week, respectively. Finally, the natural logarithm of

the ratio of the standard deviation of the “down” weeks to the standard

deviation of the “up” weeks is calculated.

3.3.3 Other Control Variables

The set of control variables includes a range of firm-, CEO-, and environment-

level characteristics that have been shown to influence stock price crash

risk. Financial data for constructing these variables are primarily drawn

from Compustat and CRSP. Following Chen et al. (2001) and Hutton et al.

(2009), several firm-level controls are employed. Firm size (SIZE ) is mea-

sured as the natural logarithm of market value, where market value is

defined as the product of shares outstanding and the closing stock price

at fiscal year-end. The market-to-book ratio (MARKET TO BOOK ) is

calculated as the ratio of market value to book value of equity, where book

value is the sum of stockholders’ equity, deferred taxes, and investment
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tax credits (if available), minus the book value of preferred stock, following

Daniel and Titman (2006). Research and development intensity (R&D)

is measured as R&D expenditure scaled by total assets, while leverage

(LEVERAGE ) is defined as the ratio of total long-term debt to total assets.

Profitability is captured by return on assets (ROA), defined as earnings be-

fore interest and taxes divided by total assets. Firm-specific returns (RET )

are calculated as the average of weekly stock returns for each firm during

the fiscal year, and changes in trading activity (DTURN ) are measured as

the difference between the average monthly stock turnover in the current

fiscal year and that in the previous fiscal year, where monthly turnover is

defined as monthly trading volume divided by shares outstanding. Yearly

firm-specific volatility (VOL) is measured as the annual standard deviation

of daily stock returns. Distributional characteristics of stock returns are

also controlled for: skewness (SKEWNESS ) and kurtosis (KURTOSIS ) are

measured from weekly firm-specific returns within the fiscal year. Finally,

following Dechow et al. (1995), accounting opacity is controlled for us-

ing discretionary accruals (ACCM ), defined as the three-year moving sum

of the absolute value of discretionary accruals estimated via the modified

Jones model.

Beyond firm fundamentals, CEO characteristics are also controlled for,

given evidence that managerial attributes significantly affect crash risk.

Andreou et al. (2017) documents that younger or longer-tenured CEOs

tend to behave more aggressively, which may increase bad news hoarding

and crash risk. To capture these effects, data from ExecuComp are used to

construct several variables: the logarithm of CEO age (LN CEO AGE ),

salary (LN CEO SAL), and tenure (LN CEO TENURE ). CEO overcon-

fidence (CEO OVERCONFIDENCE ) is also included, following Kim et al.

(2016). This variable is constructed by first calculating the realizable value
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per option (the total realizable value of exercisable options divided by the

number of exercisable options), estimating the average exercise price (fiscal

year-end stock price minus realizable value per option), and then defining

moneyness as the realizable value per option divided by the estimated av-

erage exercise price. Then a CEO is defined as overconfident if the CEO

holds options at least twice during the sample period that are more than

100% in the money. In addition, CEO power (CEO POWER), defined

as a dummy for CEOs who simultaneously serve as both board chair and

president (Al Mamun et al., 2020), is controlled for, as greater power may

facilitate managerial discretion. Several CEO turnover indicators are also

included: a dummy for change of CEO in the fiscal year (CHANGE ), a re-

tirement dummy (RETIRE ), and an indicator for whether the CEO serves

as board chair (CHAIR).

Finally, the analysis incorporates additional external and institutional fac-

tors that may affect crash risk. Natural disasters (DISASTER) are mea-

sured using EM-DAT data, following Zhao et al. (2024), and capture the

annual frequency of disasters in the state of the firm’s headquarters. The

rationale is that disaster shocks can generate heightened financial stress and

elevate crash risk. Cultural effects are captured by religiosity (RELIGION ),

following Callen and Fang (2015a), defined as the proportion of religious

adherents to total population in the firm’s headquarters county. Prior

research suggests that higher religiosity is associated with stronger ethi-

cal norms and lower crash risk. Finally, managerial political orientation

(POI ) is constructed following Chen et al. (2022), using Federal Election

Commission data on political contributions. The variable is built in three

steps: first, a manager’s cycle-specific political orientation (POCYCLE ) is

calculated for each two-year election cycle as (Republican Contributions

– Democratic Contributions) / (Total Contributions), yielding values be-
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tween –1 (strong Democrat) and +1 (strong Republican). Second, these

scores are averaged across all available cycles to obtain a personal political

orientation (PO), with PO set to zero if no contributions exist. Third,

the firm-level POI is computed as the average PO of the five highest-paid

managers. This measure captures the conservatism of managerial political

preferences and is expected to be negatively related to stock price crash

risk.

3.3.4 Summary and Statistics

The research sample covers firm-year observations of climate change expo-

sure and climate risk exposure, together with a broad set of control variables

derived from financial data in CRSP, Compustat, ExecuComp, EM-DAT,

FEC, and the U.S. County Religiosity Data website. The sample period

spans 2006–2020, providing 14 years of data. In total, the baseline dataset

includes 42,576 firm-year observations for the main variables, providing suf-

ficient statistical power for empirical analysis. Summary statistics for the

key variables are reported in Table 3.1.

Over the sample period, the average values of the three dependent variables

are –0.057 for NCSKEW , –0.052 for DUVOL, and –0.109 for COUNT , with

corresponding standard deviations of 1.189, 0.843, and 0.748. The measure

of climate change exposure, CC EXPO × 1000, has a mean of 0.716 and

a standard deviation of 1.475, suggesting substantial heterogeneity across

firms and years. By contrast, the climate risk exposure measure has an

average close to zero and relatively limited variation, indicating that only

a small fraction of firms explicitly reference climate-related risks in their

disclosures.

71



3.3. DATA SOURCE AND SUMMARY STATISTICS

The set of control variables is comprehensive, covering firm characteris-

tics, managerial attributes, and external environmental factors that may

jointly influence climate exposure and crash risk. Firm-level characteristics

include firm size (SIZE, the natural logarithm of market value), financial

leverage (LEVERAGE, ratio of long-term debt to total assets), market-to-

book ratio (MARKET TO BOOK ), profitability (ROA), R&D intensity

(R&D), accruals (ACCM ), average firm-specific returns (RET ), stock re-

turn volatility (VOL), turnover (DTURN ), and higher-order moments of

returns including skewness (SKEWNESS ) and kurtosis (KURTOSIS ).

Managerial and governance characteristics include CEO age (LN CEO -

AGE ), CEO salary (LN CEO SALARY ), CEO tenure (LN CEO TENURE ),

CEO overconfidence (CEO OVERCONFIDENCE ), CEO power concentra-

tion (CEO POWER), CEO turnover (CHANGE ), CEO retirement (RE-

TIRE ), and whether the CEO serves as board chair (CHAIR). Firm-level

political orientation is captured by POI, while external environmental and

social factors include county-level religiosity (RELIGION ) and the annual

frequency of natural disasters in the firm’s headquarters state (DISAS-

TER).

These variables jointly account for cross-sectional heterogeneity in both

firm operations and managerial behavior, helping isolate the incremental

effect of climate exposure on stock price crash risk.

Table 3.2, 3.3 and 3.4 reports the correlation matrix for all variables. The

three dependent variables are highly correlated with one another, consistent

with prior crash risk studies. For example, the correlation between DUVOL

and NCSKEW is 0.929, while COUNT correlates 0.728 with NCSKEW

and 0.617 with DUVOL. In contrast, the climate change exposure and

risk exposure measures exhibit only weak correlations with the dependent
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variables. For instance, the correlation between CC EXPO and NCSKEW

is 0.012, suggesting that they capture distinct information not explained

by firm fundamentals. These low correlations highlight the importance of

multivariate regression analysis to properly identify the role of climate-

related exposures in explaining stock price crash risk.

3.4 Empirical Analysis

3.4.1 Benchmark Model and Results

In this section, the relation between climate change exposure and stock

price crash risk will be tested using a panel regression method. The de-

pendent variables slated for testing encompass the stock price crash risk

metrics previously outlined, which include negative skewness (NCSKEW ),

down-up volatility (DUVOL), and the count of crashes (COUNT ). Various

control variables and climate change exposure will be included in the equa-

tion at a firm-year level. Moreover, the stock price crash risk measurements

are one-period previous to independent variables to alleviate endogeneity

problems following all previous research, and the regression process follows:

Crashi,t+1 = α + βCC EXPOi,t + γXi,t + θi + ϕt + τ + ϵi,t (3.6)

Crashi,t+1 = α + βCC RISKi,t + γXi,t + θi + ϕt + τ + ϵi,t (3.7)

Where for firm i in year t, Crashi,t+1 represents various crash risk measures

including NCSKEW , DUVOL, and COUNT ; CC EXPOi ,t is the overall
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climate change exposure, and CC RISKi ,t is the climate-related risk expo-

sure. Xi ,t denotes a comprehensive set of control variables, including firm

characteristics (such as SIZE , LEVERAGE , MARKET TO BOOK , ROA,

R&D , ACCM , RET , VOL, DTURN , SKEWNESS , and KURTOSIS ),

managerial and governance attributes (including LN CEO AGE , LN CEO -

SALARY, LN CEO TENURE , CEO OVERCONFIDENCE , CEO POWER,

CHANGE , RETIRE , and CHAIR), as well as external environment factors

(RELIGION , DISASTER, and POI ). θi, ϕt, and τ represent firm-, year-

, and industry-fixed effects, respectively. Firm-level fixed effects control

for unobserved heterogeneity within firms, while year- and industry-fixed

effects capture period-specific and industry-specific shocks, such as those

related to regulatory changes following major climate agreements.

For the regression results, the primary interest lies in the coefficients of

climate change exposure (CC EXPO) and climate change risk exposure

(CC RISK ) in Eq. (3.6) and Eq. (3.7), respectively. The hypothesis posits

that greater discussion of climate change during earnings calls increases the

likelihood of managers hoarding bad news, especially in the context of risks,

thereby raising the probability of a stock price crash. Consequently, the

coefficients on crash risk measures (NCSKEW , DUVOL, and COUNT ) are

expected to be positive.

On the other hand, the assessment of climate change risk exposure is formu-

lated using sets of bigrams containing the terms “risk” or “uncertainty.”

This approach is presumed to have a stronger correlation with the risks

associated with stock price crashes. Therefore, this alternative metric is

incorporated into the benchmark regression analysis as a robustness test.

As mentioned in Table 3.1, only a few firms are exposed to climate change

risk, which implies a higher extent of risk exposure, something significant

enough to be emphasized by senior firm managers and analysts. This leads
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to a similar expectation that this risk exposure would also be significantly

and positively related to stock price crash risk measures. Additionally,

tests based on this alternative are conducted to assess the robustness of

the hypothesis.

The panel regression is applied with fixed effects at the year and industry

levels. By including these fixed effects, the estimation process can cap-

ture heterogeneity across different industry sectors, as well as minor yearly

changes over the sample period. Meanwhile, the standard errors of the

regression are clustered at the firm level.

Table 3.5 reports the estimation results. Columns (1)–(3) present univari-

ate regressions including only fixed effects (firm, year, state, and industry),

while columns (4)–(6) incorporate the full set of control variables. In the

multivariate specifications, CC EXPO is positively and significantly as-

sociated with NCSKEW (coef. = 0.019, t = 2.228) and is marginally

significant for DUVOL (coef. = 0.012, t = 1.754), while the coefficient for

COUNT is positive but statistically insignificant (coef. = 0.012, t = 1.196).

A one-standard-deviation increase in CC EXPO corresponds to approxi-

mately a 1.9% rise in the standard deviation of NCSKEW and a 1.2% rise

in that of DUVOL. Although the magnitudes are modest, the consistency

of signs across crash proxies suggests that climate change exposure has a

systematic positive link with downside crash risk.

Table 3.6 reports results for the alternative measure, CC RISK , constructed

from bigrams containing “risk” or “uncertainty.” In the univariate regres-

sions, CC RISK is strongly and positively associated with NCSKEW (coef.

= 0.903, t = 3.908), DUVOL (coef. = 0.819, t = 4.289), and COUNT (coef.

= 0.336, t = 1.966). However, once the full set of controls is included, the

coefficients attenuate substantially: the effect on NCSKEW becomes eco-
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nomically small and statistically insignificant (coef. = 0.172, t = 0.397),

while the association with DUVOL remains positive and marginally sig-

nificant (coef. = 0.539, t = 1.725). For COUNT , the coefficient turns

negative and insignificant (coef. = –0.274, t = –0.562). These results

suggest that much of the explanatory power of CC RISK overlaps with

firm- and market-level control variables, but the residual effect on DUVOL

indicates that climate risk–related language still carries incremental infor-

mation about downside volatility risk.

The regression results show that measures of return performance are the

most consistent predictors of crash risk. RET is significantly negative

across all specifications, indicating that firms with stronger past returns

face lower crash risk. Likewise, SKEWNESS is highly significantly neg-

ative (e.g., coef. = -1.090, t = -51.729 for NCSKEW under CC RISK ),

suggesting that favorable return asymmetry strongly reduces crash likeli-

hood. In contrast, KURTOSIS is positive and significant in all models,

consistent with extreme return distributions increasing crash risk. Earn-

ings management, proxied by ACCM , is positively associated with the

COUNT measure, further supporting the notion that accrual manipula-

tion elevates crash susceptibility. Other firm- and CEO-level controls (e.g.,

SIZE , ROA, MARKET TO BOOK ) are generally insignificant, with only

weak evidence for LEVERAGE and marginal effects for certain governance

variables. Overall, the results underscore that return asymmetry, past re-

turns, return extremes, and earnings management are the most robust de-

terminants of crash risk.

Overall, the results from both measures support the hypothesis that climate

change discourse can act as a meaningful signal of elevated crash risk at

the firm level. The effects are stronger and more robust for the broader

CC EXPO measure, whereas CC RISK captures a narrower but more
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risk-salient dimension whose explanatory power is more sensitive to the

inclusion of controls. These findings are consistent with the view that

institutional investors monitor climate-related disclosures closely (Krueger

et al., 2020) and that managerial communications during earnings calls

can serve as a credible, forward-looking indicator of potential downside

risk (Sautner et al., 2020).

The empirical results of the baseline model support the hypothesis of this

chapter: climate change exposure, as measured by Sautner et al. (2020),

significantly increases the likelihood of stock price crash risk at the firm-

year level. This finding can be explained from several perspectives, con-

sistent with prior research, including the growing importance of climate

change for institutional investors (Krueger et al., 2020). Investors are con-

cerned about the risks posed by climate change and respond to firms’

business conditions and managerial behavior accordingly. Earnings call

transcripts, which provide information disclosed by senior managers and

questions raised by analysts, represent a particularly valuable source of in-

sight for investors. Accordingly, climate change exposure derived from such

transcripts can serve as a proxy for the extent to which firms are subject to

climate-related risks, independent of voluntary disclosure effects (Murata

and Hamori, 2021; Hoepner et al., 2018). This conclusion also suggests an

incentive for managers to withhold bad news, which may ultimately lead

to stock price crashes once the accumulated negative information reaches

a tipping point, which is a mechanism that will be further examined in

Section 3.5.
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3.4.2 Exposure with Different Content

Next, distinct exposure measurement components are tested. Sautner et al.

(2020) constructs three types of exposures utilizing a similar algorithm, but

with different components of bigram lists. The original bigram lists are

divided into three parts, which indicate regulatory impact, physical impact,

and opportunity impact brought by climate risk, respectively, so that each

calculated exposure could be used as the risk exposure for various risks

faced by firms. Following previous research, including Ilhan et al. (2021),

policy uncertainties and their effects on firms are considered the source

of risks to be valued arising from climate change. This part hypothesizes

that regulatory-based climate change exposure would significantly affect

the measurements. The equation for these tests follows:

Crashi,t+1 =α + β1RG CC EXPOi,t + β2PH CC EXPOi,t

+ β3OP CC EXPOi,t + γXi,t

+ θi + ϕt + τ + ϵi,t

(3.8)

Crashi,t+1 =α + β1RG CC RISKi,t + β2PH CC RISKi,t

+ β3OP CC RISKi,t + γXi,t

+ θi + ϕt + τ + ϵi,t

(3.9)

Where RG CC EXPO , PH CC EXPO and OP CC EXPO represents

regulatory- ,physical- and opportunity-based climate change exposure,

RG CC RISK , PH CC RISK and OP CC RISK represents regulatory-

,physical- and opportunity-based climate change risk exposure separately.

The research interest lies in the coefficients for the three categories of cli-
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mate change exposure, β1, β2, and β3, to verify whether distinct bigram

lists and contents would affect the results. Regulatory-based exposure can

be explained as the exposure to regulatory topics. Physical-based exposure

proxies for physical damage–related topics, while opportunity-based expo-

sure measures topics related to contents including renewable energy, which

are commonly regarded as bringing opportunities along with conversations

concerning climate change. For the second equation, the bigram lists for the

three risk-based exposure measurements all involve words including “risk”

or “uncertainty,” so the tone is unambiguously negative and related to the

risks that firms would have to embrace. It is rational to posit a positive

impact of this exposure on stock market performance, thereby suggesting

positive coefficients for all three measurements, particularly for regulatory-

based climate change exposure and risk exposure, due to the fact that the

risk of climate change is widely regarded as being applied through policy

and regulatory channels.

The empirical results in Table 3.7 are largely consistent with the hypoth-

esis. Columns (1)–(3) report the regression coefficients for three distinct

measures of stock price crash risk: the negative conditional skewness of

firm-specific weekly returns (NCSKEW ), the down-to-up volatility mea-

sure (DUVOL), and the frequency of extreme negative returns (COUNT ).

Among the three categories of climate change exposure, namely regulatory-

based, physical-based, and opportunity-based, the results show that the

regulatory-based exposure variable (RG CC EXPO) stands out as the

most consistent and economically meaningful predictor. Specifically, RG -

CC EXPO is positively associated with both NCSKEW (coefficient =

0.778, t = 1.831) and DUVOL (coefficient = 0.155, t = 1.897), both sig-

nificant at the 10% level. Economically, these coefficients imply that a

one–standard deviation increase in regulatory-based exposure corresponds
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to approximately 0.12% and 0.17% increases in NCSKEW and DUVOL,

respectively. These magnitudes, though seemingly small, are meaningful in

the context of crash risk measures, which are designed to capture rare but

severe downside events.

The positive relationship between RG CC EXPO and crash risk measures

is consistent with the theoretical argument. Heightened uncertainty in cli-

mate change policy, resulting from new taxation schemes, stricter industry

licensing requirements, and higher compliance costs for environmental pro-

tection, can affect managerial decision-making. Specifically, under such

uncertainty, managers, particularly CEOs, may have greater incentives to

withhold adverse information from the market in order to delay the recogni-

tion of potential negative impacts on firm value. This withholding behavior

can lead to an accumulation of bad news, which, when eventually released,

may trigger sudden and severe drops in stock prices. This mechanism is

consistent with prior empirical studies linking policy uncertainty to man-

agerial disclosure behavior and stock price crash risk.

In contrast, the results for the physical-based exposure variable (PH CC -

EXPO) and the opportunity-based exposure variable (OP CC EXPO) are

generally weak and inconsistent. PH CC EXPO is negatively and signifi-

cantly associated with DUVOL (coefficient = –0.424, t = –2.134), suggest-

ing that higher attention to physical climate risks may, in some contexts,

reduce short-term volatility asymmetry. However, this effect does not carry

over to NCSKEW or COUNT , where the coefficients are statistically in-

significant. One plausible interpretation is that physical damages, often

caused by extreme weather events, are localized, transitory, and already

accounted for in other firm-level risk controls or fixed effects, thereby di-

minishing their statistical detectability in a panel regression framework.
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For OP CC EXPO , the coefficients are close to zero and insignificant

across all crash risk measures, with the exception of a small positive but

insignificant association with DUVOL. This lack of significance could be

attributed to the nature of the opportunity-based keyword list, which often

includes terms related to clean energy and renewable technologies. These

discussions may capture long-term growth potential or market optimism

rather than downside risk exposure, thereby diluting any direct link to

short-term crash risk. In addition, such opportunities might be perceived

as hedging instruments against broader environmental risks, further weak-

ening their statistical relationship with measures of extreme negative re-

turns.

Turning to Table 3.8, which reports the effects of climate change risk vari-

ables (RG CC RISK, PH CC RISK, and OP CC RISK ), RG CC RISK

consistently exhibits a positive impact on multiple dimensions of stock

price crash risk. Specifically, RG CC RISK is positive and significant

at the 10% level for NCSKEW (coefficient = 2.789, t = 1.669) and at

the 5% level for DUVOL (coefficient = 3.016, t = 1.997), indicating that

greater regulatory-related climate risk is associated with higher crash risk.

While its coefficient for COUNT is positive but not statistically signifi-

cant, the overall pattern supports the notion that regulatory-based climate

risk contributes to the likelihood of extreme negative stock returns. Simi-

larly, PH CC RISK shows positive and significant effects for DUVOL and

COUNT , though its predictive power appears more pronounced for certain

dimensions of crash risk, while OP CC RISK does not exhibit statistically

significant effects for any of the crash risk measures.

The weaker and less consistent results for the risk-based variables could

stem from the narrower scope of the keyword lists used in their construc-

tion. By explicitly including “risk” and “uncertainty,” these measures may
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capture only direct references to downside concerns, omitting broader con-

textual discussions where risks are implicitly embedded in policy or com-

pliance discussions, particularly in regulatory contexts. For example, many

regulatory-related conversations that affect firm behavior may not explic-

itly mention “risk” or “uncertainty” but still carry significant implications

for future downside events. This narrower focus may lead to measurement

error and attenuated coefficients in the regression results.

Overall, the evidence from both tables suggests that the regulatory-based

exposure measure, RG CC EXPO , is the most robust and economically

meaningful predictor of stock price crash risk across different model spec-

ifications and dependent variables. Physical-based and opportunity-based

measures, whether framed as exposures or risks, show limited and inconsis-

tent predictive power. These findings emphasize the central role of policy

uncertainty in driving crash risk, consistent with theoretical models linking

external regulatory shocks to managerial disclosure behavior and market

stability.

3.5 The Test of Bad News Hoarding

The mechanism of bad news hoarding is tested in this section. The test

follows (Myers et al., 2007; Andreou et al., 2017), who proposed that man-

agers have the incentive to hoard bad news for their own benefit and con-

sequently prefer to maintain a string of earnings increases for as long as

possible. According to Myers et al. (2007), the inclination of companies to

consistently report earnings growth, often exceeding expectations, suggests

that managers may strive to prolong this pattern even at the risk of en-

countering defaults. During this period, bad news hoarding problems may
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arise. Consequently, a price crash risk triggered by a break in the string

implies a sudden release of bad news. In this section, this hypothesis will

be empirically tested using the following equation:

CRASH BREAK STRINGt j,t =β0 + β1CC EXPO j × LEN t

+ β2LEN t + β3CC EXPO j + γXi,t

+ θi + ϕt + τ + ϵi,t

(3.10)

Following Andreou et al. (2017), the dummy dependent variables would be

defined as (i) CRASH BREAK STRING1 equals to 1 if a firm experience

price crash risk in year t , firm earnings decrease in year t and increases

in the previous year, and zero otherwise; (ii) CRASH BREAK STRING2

equals to 1 if a firm experience price crash risk in year t , while its earning

increases in year t − 1 and year t − 2 , and zero otherwise; (iii) CRASH -

BREAK STRING3 equals to 1 if a firm experience price crash risk in year t ,

and the firm earnings increases separately in year t − 1 , year t − 2 and year

t − 3 , and zero otherwise. The Eq. (3.10) also includes controls and year-,

state-, firm-, and industry-fixed effects. These CRASH BREAK STRING

dummy variables are expected to be related to stock price crash risk and

are employed to proxy the sudden release of the hoarding bad news, by

estimating the probability of climate change exposure measurements, the

hypothesis is tested that climate change exposure leads to the hoarding of

negative news. The length of earning strings is also expected to positively

affect these proxies, consequently, another independent variable represent-

ing the length of earning strings in the corresponding year will be defined

and will be controlled in the logit regression with its interaction with cli-

mate change exposure. A logistic regression will be utilized to test the
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hypothesis, with these dummy variables being employed as separate de-

pendent variables. The same sets of control variables will be included as

well as yearly- and industry-fixed effects.

The regression results are reported in Table 3.9. Columns (1), (2), and (3)

report the estimation results for three different earning string break mea-

sures, each including the interaction term between climate change exposure

and the length of the prior earning string. Panel A focuses on the effects of

overall climate change exposure (CC EXPO) on the probability of a break

in the earning string, controlling for the length of the string preceding the

break. Panel B reports analogous results, replacing overall exposure with

regulatory-related climate change exposure (RG CC EXPO).

From Panel A, it is evident that climate change exposure (CC EXPO)

increases the probability of stock price crashes following breaks in earn-

ings strings, particularly for CRASH BREAK STRING1 and CRASH -

BREAK STRING2. Across all three models including the interaction term

with string length, CC EXPO remains positive, with coefficients of 0.455

(t = 1.870) for CRASH BREAK STRING1, 0.525 (t = 1.766) for CRASH -

BREAK STRING2, and 0.402 (t = 0.609) for CRASH BREAK STRING3.

The coefficient on the length of the earnings string (len) is consistently pos-

itive and significant, indicating that longer prior streaks are associated with

a higher likelihood of stock price crashes (e.g., coef. = 0.213, t = 3.687 for

CRASH BREAK STRING3 ). The interaction term between CC EXPO

and string length (len × CC EXPO) is negative across all specifications

(e.g., –0.035, t = –1.429 for CRASH BREAK STRING1 ; –0.026, t = –1.164

for CRASH BREAK STRING2 ), though not statistically significant. This

pattern suggests that while climate change exposure generally increases

crash risk, there is weak evidence that its marginal effect may slightly di-
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minish for firms with longer prior earnings streaks, consistent with the

notion that sustained prior performance provides a modest buffering effect

against exposure-induced crash risk.

Panel B focuses on regulatory-related climate change exposure (RG CC -

EXPO) and its interaction with the length of prior earnings streaks (len).

The main effect of RG CC EXPO is positive across all three specifications,

indicating that higher regulatory exposure tends to increase the probabil-

ity of stock price crashes following breaks in earnings strings. Specifi-

cally, the coefficients are 6.897 (t = 1.663), 4.706 (t = 1.737), and 3.732 (t

= 1.304) for CRASH BREAK STRING1 , CRASH BREAK STRING2 ,

and CRASH BREAK STRING3 , respectively, highlighting that the effect

is most pronounced for shorter streaks. The coefficient on len is consis-

tently positive and significant (0.039, 0.050, 0.074; t = 2.390, 2.702, 3.573),

indicating that longer prior earnings streaks themselves are associated with

a higher likelihood of subsequent crashes, consistent with the notion that

sustained periods of earnings growth can accumulate latent risks. Impor-

tantly, the interaction term (len ×RG CC EXPO) is negative and signifi-

cant across all models (–1.708, –1.038, –1.332; t = –2.041, –2.080, –2.328),

suggesting that the incremental impact of regulatory-related climate ex-

posure on crash probability diminishes as the length of the prior earnings

streak increases. In other words, while regulatory exposure raises crash

risk, its effect is strongest following shorter sequences of sustained earnings

growth and attenuates for longer streaks. Collectively, these results under-

score the joint importance of regulatory exposure and the context of prior

earnings performance in shaping stock price crash risk.

Overall, these findings indicate two important patterns. First, climate

change exposure, both overall and regulatory-specific, increases the likeli-

hood of stock price crashes, particularly when negative news has been ac-
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cumulated over multiple years. Second, the length of prior earnings growth

plays a dual role: it directly elevates crash probability due to potential bad

news hoarding, but it also moderates the effect of exposure, with longer

streaks reducing the marginal impact of climate change exposure. These re-

sults are consistent with theories of managerial disclosure behavior and the

stockpiling of bad news, and they highlight the importance of regulatory

risk in driving extreme stock price movements.

3.6 Climate Change Exposure, Price Crash

Risk, and Public Attention to Climate

Change

According to Choi et al. (2020), surveys show great concern about climate

change and the threats of global warming, while the limited attention of

human beings causes this concern to be overlooked in normal times, but it is

revived in specific periods, especially when extreme weather events such as

abnormally high temperatures occur. It is also believed that fluctuations

in public attention to global warming affect the financial market. Ilhan

et al. (2021) is one of the papers studying the effect of public attention

and finds that in periods of high environmental public attention, there is

a higher probability of pro-climate regulations, which increases the cost of

protecting against policy uncertainty. Stricter regulation would inevitably

increase the cost of hoarding bad news and eventually cause a decrease in

price crash risk.

To test this hypothesis, the proxy for public attention is the Google Search

Volume for the topic “climate change”. The monthly volume ranges from
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0 to 100, where 100 represents the period with the highest search volume.

The yearly search volume is calculated as the sum of monthly volumes

for the years from 2006 to 2020, forming an index with a value of 1 in

periods when the yearly volume is larger than the sample median, denoted

as SVI HIGH , and 0 otherwise. This index has been proven useful as a

proxy for investor attention according to Da et al. (2011), and Choi et al.

(2020) shows it is positively related to abnormally high temperatures.

CRASH j,t+1 =β0 + β1HIGH ATTENTION t + β2CC EXPO i,t

+ β3 (HIGH ATTENTION t × CC EXPO i,t) + γXi,t

+ θi + ϕt + τ + ϵi,t

(3.11)

where HIGH ATTENTION t is the dummy variables as defined before and

other control variables, year-, state-, firm- and industry-fixed effects are

included.

The regression results corresponding to this hypothesis are presented in Ta-

ble 3.10. The key independent variables include CC EXPO , the proxy for

public attention to climate change, its interaction terms with CC EXPO ,

and the set of control variables defined previously. The coefficients of the

interaction terms are of primary interest, as they capture the differential

impact of climate change exposure on stock price crash risk during high-

versus low-attention periods.

The regression results using Google Search Volume Index (SVI HIGH ) as

the proxy for public attention are reported in Table 3.10. The coefficients

on CC EXPO remain positive across all specifications. Columns (1)–(3)

correspond to the crash risk measures NCSKEW , DUVOL, and COUNT ,

respectively.
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The interaction term between public attention and climate change expo-

sure (SVI HIGH × CC EXPO) is significantly negative for NCSKEW and

DUVOL, with coefficients of –0.080 (t = –2.504) and –0.097 (t = –3.238),

respectively, indicating that heightened public attention reduces the effect

of climate change exposure on crash risk. For COUNT, the interaction

coefficient is –0.048 (t = –1.065) and not statistically significant. A one-

standard-deviation increase in the interaction term corresponds approx-

imately to an 8.0% reduction in the effect of CC EXPO on NCSKEW,

a 9.7% reduction for DUVOL, and a 4.8% reduction for COUNT. These

results suggest that increased public attention generally weakens the in-

fluence of climate change exposure on stock price crashes, with the effect

most pronounced for DUVOL.

Overall, these results suggest that during periods of high public attention,

managers face greater scrutiny and reduced discretion in reporting firm

performance. As a result, the ability to withhold or delay the disclosure

of negative information diminishes, which in turn mitigates the extent to

which climate change exposure contributes to stock price crash risk. In par-

ticular, heightened attention appears to curb the accumulation of bad news

that could otherwise lead to extreme negative returns, especially affecting

measures sensitive to downside risk, such as NCSKEW and DUVOL. This

implies that public monitoring and awareness play a significant moderat-

ing role in the relationship between environmental exposure and tail risk

in stock returns, highlighting the importance of transparency and external

oversight in corporate disclosure practices.
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3.7 The Causal Effect of President Trump

Election

Inspired by Hsu et al. (2022), it is investigated that the causal effect of

firm-specific exposure to climate regulation on the risk of stock price crash.

Mimicking a natural experiment, Donald Trump’s surprise election victory

is used as an exogenous source of variation and estimate the difference-in-

differences (DiD) models around the 2015–2017 period. Three crash risk

measures are applied in the analysis: the difference between the occurrences

of price crash and price jump, the negative coefficient of return skewness,

and the down-to-up volatility (Chen et al., 2001; Kim et al., 2011a,b; Wu

and Lai, 2020). The measure of firm-level exposure to climate policy is

obtained from Sautner et al. (2020) who derives a set of climate change

bigrams from English-language conference call transcripts of publicly-listed

firms using a machine learning technique à la King et al. (2017).2

While Trump’s election win was unexpected, his position on climate change

had been known long before he entered the race for presidency. To illus-

trate, on 6th November 2012, he tweeted: “The concept of global warming

was created by and for the Chinese in order to make U.S. manufacturing

non-competitive.” Six months after he took office in January 2017, he

announced that the US would cease all participation in the 2015 Paris

Agreement on climate change mitigation. Over the next three and a half

years, his administration would reverse nearly 100 climate change rules,

including relaxing methane regulation, freezing fuel efficiency standards,

eliminating the Clean Power Plan, promoting drilling on public lands, and

boosting fossil fuel companies by weakening protections for endangered

2Compared to the word-list approach, the approach is advantageous because it only
requires a small number of climate-related biagrams as initial input for training purposes
which are then used to further locate new bigrams.
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species (Schwartz, 2019).

3.7.1 Exposure to Climate Change Regulation and

Crash Risk

Firms in the sample are divided into treated and control firms based on their

exposure to climate regulation in 2015. Firms with non-zero exposure to

climate change regulation are assigned to the treatment group, while those

with no exposure to the rules are assigned to the control group. To estimate

the causal effect of exposure to climate regulation on stock price crash

risk, a difference-in-differences (DiD) specification with firm-level control

variables is employed.

Following Chen et al. (2001); Hutton et al. (2009); Li and Zhan (2019),

the set of controls includes firm size (SIZE ), leverage (LEVERAGE ), the

market-to-book ratio (MARKET TO BOOK ), return on assets (ROA),

earnings management (ACCM ), stock return (RET ), volatility (VOL),

turnover (DTURN ), skewness (SKEWNESS ) and kurtosis (KURTOSIS )

of returns, R&D expenditure to total assets (R&D), CEO characteristics

(age LN CEO AGE , salary LN CEO SALARY , tenure CEO TENURE ,

overconfidence CEO OVERCONFIDENCE , and power CEO POWER),

the dummy for change of CEO (CHANGE ), CEO retirement (RETIRE ),

whether the CEO is the chairman of the board (CHAIR), proportion

of religious adherents to total population in the state of headquarters

(RELIGION ), annual frequency of natural disasters in the firm’s head-

quarters state (DISASTER), and managerial political orientation (POI ).

These covariates are included to mitigate concerns of omitted variable bias

and to capture observable firm characteristics that may influence crash risk.

90



3.7. THE CAUSAL EFFECT OF PRESIDENT TRUMP ELECTION

Table 3.12 reports the top ten sectors in which the treated and the matched

control firms in the sample operate. While the majority of the treated firms

are in the Industrials (26.27%), Utilities (15.82%), and Energy (13.61%)

sectors, large proportions of the control firms operate in the Consumer Dis-

cretionary (17.37%), Financials (15.31%), and Industrials (15.27%) sectors.

It is worth noting that three out of five industries ranked in the bottom

five industries in the treated group, namely Health Care, Technology, and

Financials, are ranked among the top five industries in the control group,

pointing to the association between industry and exposure to the climate

rules.

To investigate the causal effect of exposure to climate change regulation on

the stock price crash risk, the DiD model is specified as:

CRASH j,t = β0 + β1HIGH EXP j + β2TRUMP t

+ β3 (HIGH EXP j × TRUMP t) + β4CONTROLj,t + εj,t

(3.12)

where j indexes firms and t ∈ (2015, 2017). CRASH j, t represents one of

the three crash risk measures defined in Section 3.3.2: NCSKEW , DUVOL,

or COUNT . HIGH EXPj equals 1 if firm j is exposed to climate regu-

lation and 0 otherwise. TRUMP is a time dummy that equals 0 in 2015

(before the reversal of climate rules) and 1 in 2017 (after Trump’s elec-

tion). The main coefficient of interest is β3, which captures the causal

effect of climate regulation exposure on stock price crash risk. Standard

errors are clustered at the firm level to account for serial correlation, and

industry fixed effects are alternatively included to control for unobservable

industry-level heterogeneity.
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Table 3.13 reports the estimation results. Columns (1)–(3) present re-

sults without industry fixed effects, while columns (4)–(6) include indus-

try fixed effects. Across both sets of specifications, the interaction term

HIGH EXP ×TRUMP is negative and statistically significant at the 10%

level when NCSKEW and DUVOL are used as dependent variables, sug-

gesting that firms exposed to climate regulation experienced larger declines

in crash risk relative to control firms after 2015. For example, in column (1),

the coefficient of −0.310 for NCSKEW implies that the change in crash

risk between 2015 and 2017 for treated firms is lower by approximately

0.310 compared to control firms, representing a substantial fraction of the

cross-sectional standard deviation of NCSKEW . Similarly, the estimate

of −0.241 in column (2) for DUVOL indicates a reduction of comparable

economic magnitude.

In contrast, the coefficients on the interaction term in the COUNT regres-

sions are small and statistically insignificant (0.028 in column (3)), indicat-

ing no differential effect of climate regulation exposure on the frequency-

based measure of crash risk. These results remain robust when industry

fixed effects are included, as shown in columns (4)–(6), where the interac-

tion coefficients for NCSKEW and DUVOL are −0.275 and −0.215, respec-

tively, still significant at the 10% level, while the coefficient for COUNT is

near zero.

Overall, the findings provide consistent evidence that exposure to climate

regulation significantly reduced firms’ risk of stock price crashes, particu-

larly when measured by NCSKEW and DUVOL.

As discussed in Roberts and Whited (2013), the consistency of a DiD es-

timator hinges on the parallel trend assumption. To examine whether this

assumption holds, it is tested that if the risk of stock price crash for the

92



3.7. THE CAUSAL EFFECT OF PRESIDENT TRUMP ELECTION

treated and control firms followed a common trend prior to the reversal

of climate regulation by the Trump administration. The results, reported

in Table 3.14, present the differences in the average changes of each crash

risk measure between the treated and control firms during the 2013–2014

and 2014–2015 periods. All corresponding p-values, ranging from 0.225 to

0.931, are well above conventional significance levels, indicating that none

of the differences are statistically significant. This provides strong evidence

that the parallel trend assumption is satisfied for the sample.

The findings support the conjecture that exposure to climate change regu-

lation is associated with the risk of stock price crash and that firms which

were exposed to the regulation benefited from the climate policy reversal

by the Trump’s administration. The results are also consistent with Ilhan

et al. (2021) and Hsu et al. (2022). The former found that the cost of op-

tion protection against downside tail risks reduced sharply after Trump’s

election while the latter reported that following Trump’s victory, high-

emission firms had significantly positive CARs that were higher than their

lower counterparts.

3.7.2 Placebo Tests

In this section, two placebo tests are conducted to validate the main find-

ings. In the first test, the DiD model in Eq. (3.12) around the 2015–2017

period is estimated using 10,000 artificial samples, in which firms are ran-

domly assigned to the treatment and control groups. The distribution of

the estimates of β3 is reported in Table 3.15, and the histograms along with

the kernel density are shown in Figures 3.1(a)–3.1(c). The distribution of

the estimated parameters centers around zero, indicating no meaningful

impact of exposure to climate regulation on stock price crash risk when
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Eq. (3.12) is estimated using the artificial samples. The 1% and 99% per-

centiles of the estimates of β3 when COUNT , NCSKEW , and DUVOL are

used as the dependent variables are [−0.057, 0.056], [−0.091, 0.093], and

[−0.067, 0.067], respectively.

The second placebo test focuses on the period during Barack Obama’s

second term as US President. Eq. (3.12) is estimated for the following

event windows: 2012–2013, 2013–2014, and 2014–2015.3

Similar to the approach discussed in Section 3.7.1, firms are assigned to the

treated and control groups based on their exposure to the climate rules in

the first year of each two-year event window. For example, the analysis for

2012–2013 uses the 2012 exposure values to classify firms into treated and

control groups.4 The results for all three crash risk measures, reported in

Table 3.16, show that none of the estimates of β3 are statistically signifi-

cant, indicating no differences in crash risk between firms with exposure to

climate regulation and those without exposure.

3.8 Conclusion

This chapter demonstrates that firm-level exposure to climate change pos-

itively affects the risk of stock price crashes, mainly due to breaks in con-

secutive increasing earnings strings. The empirical results show that firms

with higher exposure to climate change are more likely to experience stock

price crashes, particularly in years with less than two consecutive years of

increasing earnings. In particular, exposure to climate change regulation

3President Obama’s last Climate Action Plan, issued in June 2013, included regu-
lations targeting industry with the ultimate goal of cutting domestic carbon emissions
and preparing the US for the impending effects of climate change.

4For clarity, the variable TRUMP is replaced with TREAT to indicate observations
in the treatment group, since this analysis is conducted outside the period of Trump’s
presidency.
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significantly influences the occurrence of stock price crashes by prompting

the disclosure of adverse news. As prior studies have elucidated, the risks

stemming from climate change cascade down to the firm level due to reg-

ulatory uncertainty and the costs incurred following the implementation

of relevant regulations. Consistent with the hypothesis, heightened public

attention to climate change increases awareness, reduces managers’ incen-

tives to hoard bad news, and thereby alleviates the extent of stock price

crashes.

Utilizing the reversal of US climate policy by the Trump administration

as an exogenous source of variation in the DiD framework, this chapter

demonstrates that firm-specific exposure to climate change regulation in-

creases stock price crash risk. The empirical analysis shows that firms

exposed to climate regulation in the year immediately preceding Trump’s

shock victory experienced disproportionately lower reductions in crash risk

compared to firms with no exposure. To validate the findings, two placebo

tests are implemented. The first test uses randomly generated treated and

control observations, while the second test examines firms during President

Obama’s second term. The results of both placebo tests indicate no sig-

nificant impact of exposure to climate regulation on stock price crash risk,

further reinforcing the validity of the main conclusions.

The findings of this chapter have several implications. First, managers

should be aware that exposure to climate regulation could potentially ele-

vate stock price crash risk, resulting in higher equity risk premiums. Sec-

ond, investors are encouraged to adopt risk management strategies to pro-

tect their portfolios against potential downside tail risks when investing in

companies affected by climate change regulations. Finally, policymakers

should be mindful of the unintended consequences of climate regulation,

which could potentially destabilize financial markets.
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This study also offers implications for investors in evaluating stock price

crash risk and provides insights into green finance. Textual analysis of

climate change exposure measures indicates their potential in predicting

firm-level stock price crashes. Moreover, the results show that attention

to climate change affects the stock market, suggesting that investors may

reasonably consider a firm’s environmental performance when making in-

vestment decisions.
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3.9 Tables

Table 3.1: Summary Statistics

This table reports the summary statistics for key variables. The definition of variables
is provided in Chapter 3.

Variable N Mean 25th Median 75th std.

NCSKEW 42,576 -0.057 -0.661 0.0153 0.633 1.189
DUVOL 42,576 -0.0519 -0.503 -0.00342 0.460 0.843
COUNT 42,576 -0.109 -1 0 0 0.748
CC EXPO × 1000 42,576 0.716 0.0821 0.260 0.647 1.475
SIZE 42,576 6.810 5.622 6.804 8.009 1.856
LEVERAGE 42,575 0.691 0.0278 0.401 0.951 2.686
MARKET TO BOOK 42,575 3.162 1.328 2.243 3.607 5.926
ROA 42,575 0.006 -0.0552 0.0744 0.156 0.819
R&D 42,576 0.0671 0.0203 0.0341 0.0581 0.105
ACCM 42,575 0.182 0.0643 0.109 0.201 0.219
RET 42,576 -0.128 -0.565 -0.147 0.246 1.007
VOL 42,576 0.0625 0.0359 0.0493 0.0735 0.0463
DTURN 42,576 0.00794 -0.027 0.00221 0.036 0.113
SKEWNESS 42,576 0.481 -0.0899 0.287 0.803 1.037
KURTOSIS 42,576 2.821 0.466 1.338 3.091 4.708
LN CEO AGE 21,098 4.017 3.989 4.025 4.043 0.0934
LN CEO SALARY 21,098 6.624 6.515 6.664 6.759 0.324
LN CEO TENURE 21,098 1.665 1.099 1.792 2.398 0.928
CEO OVERCONFIDENCE 21,098 0.444 0 0 1 0.497
CEO POWER 7,416 0.726 0 1 1 0.446
CHANGE 21,098 0.055 0 0 0 0.228
RETIRE 21,098 0.0265 0 0 0 0.161
CHAIR 21,098 0.393 0 0 1 0.488
RELIGION 15,952 0.537 0.466 0.514 0.616 0.0898
DISASTER 16,826 2.324 1 2 3 1.394
POI 6,393 0.150 -0.158 0 1 0.713
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Table 3.2: Correlation (Columns 1–6)

This table reports correlation coefficients for the main variables in this chapter 3
1 2 3 4 5 6

NCSKEW 1.000
DUVOL 0.929 1.000
COUNT 0.728 0.617 1.000
CC EXPO ∗ 1000 0.012 0.010 0.019 1.000
SIZE 0.058 0.086 0.060 -0.018 1.000
LEVERAGE 0.004 0.009 0.005 -0.002 0.138 1.000
MARKET TO BOOK -0.047 -0.049 -0.027 -0.022 0.006 0.529
ROA -0.001 0.002 0.011 -0.016 0.152 -0.146
R&D 0.001 -0.012 -0.012 -0.044 -0.422 -0.087
ACCM -0.018 -0.032 -0.026 -0.000 -0.419 -0.081
RET -0.599 -0.681 -0.274 -0.005 0.036 0.008
DTURN -0.299 -0.341 -0.171 0.037 -0.360 -0.030
VOL -0.106 -0.130 -0.040 0.005 0.005 0.016
SKEWNESS -0.808 -0.747 -0.618 0.017 -0.200 -0.023
KURTOSIS -0.503 -0.445 -0.304 -0.009 -0.153 -0.015
LN CEO AGE 0.018 0.021 0.009 0.024 0.072 0.011
LN CEO SALARY 0.014 0.024 0.013 -0.003 0.405 0.053
LN CEO TENURE 0.020 0.028 0.005 0.005 -0.066 -0.020
CEO OVERCONFIDENCE -0.022 -0.020 -0.022 0.031 0.053 -0.003
CEO POWER -0.034 -0.046 -0.006 0.002 -0.036 -0.034
CHANGE 0.022 0.022 0.020 -0.017 0.116 0.008
RETIRE 0.021 0.026 0.024 0.001 0.096 0.007
CHAIR 0.063 0.083 0.046 -0.008 0.387 0.021
RELIGION 0.000 0.007 -0.001 0.023 0.101 0.040
DISASTER 0.022 0.019 0.012 -0.036 -0.087 -0.039
POI 0.012 0.023 -0.007 0.021 0.023 0.006
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Table 3.3: Correlation (Columns 7–18)

This table reports correlation coefficients for the main variables in this chapter 3
7 8 9 10 11 12

NCSKEW
DUVOL
COUNT
CC EXPO ∗ 1000
SIZE
LEVERAGE
MARKET TO BOOK 1.000
ROA -0.102 1.000
R&D 0.094 -0.184 1.000
ACCM 0.056 -0.106 0.487 1.000
RET 0.067 0.037 -0.081 -0.039 1.000
DTURN -0.034 -0.141 0.248 0.245 0.258 1.000
VOL 0.020 -0.003 0.005 -0.003 0.180 0.258
SKEWNESS 0.007 -0.059 0.112 0.110 0.380 0.552
KURTOSIS 0.000 -0.052 0.109 0.086 0.266 0.554
LN CEO AGE -0.012 0.008 -0.037 -0.049 -0.020 -0.036
LN CEO SALARY 0.014 0.036 -0.088 -0.142 -0.008 -0.104
LN CEO TENURE 0.011 0.004 0.038 0.012 -0.034 -0.036
CEO OVERCONFIDENCE 0.102 0.061 0.002 -0.032 0.008 -0.085
CEO POWER -0.044 -0.012 -0.006 0.044 0.053 0.048
CHANGE -0.001 0.015 -0.055 -0.047 0.010 -0.048
RETIRE -0.003 0.017 -0.040 -0.043 -0.004 -0.061
CHAIR 0.026 0.087 -0.176 -0.193 0.010 -0.254
RELIGION -0.069 0.050 -0.199 -0.157 0.017 -0.041
DISASTER 0.071 -0.046 0.210 0.136 -0.048 -0.007
POI -0.011 0.027 -0.056 -0.077 -0.038 -0.063

13 14 15 16 17 18
NCSKEW
DUVOL
COUNT
CC EXPO ∗ 1000
SIZE
LEVERAGE
MARKET TO BOOK
ROA
R&D
ACCM
RET
DTURN
VOL 1.000
SKEWNESS 0.423 1.000
KURTOSIS 0.473 0.742 1.000
LN CEO AGE -0.050 -0.058 -0.049 1.000
LN CEO SALARY -0.064 -0.083 -0.073 0.019 1.000
LN CEO TENURE -0.029 -0.011 -0.012 0.052 -0.031 1.000
CEO OVERCONFIDENCE -0.002 -0.006 -0.000 0.027 -0.022 0.008
CEO POWER -0.012 0.014 -0.017 -0.005 0.001 -0.026
CHANGE -0.050 -0.067 -0.046 -0.006 -0.008 -0.024
RETIRE -0.042 -0.051 -0.051 -0.014 -0.007 -0.021
CHAIR -0.068 -0.094 -0.090 -0.021 0.010 -0.054
RELIGION -0.002 -0.013 -0.018 -0.005 -0.002 -0.006
DISASTER 0.005 0.005 0.007 -0.019 -0.021 0.004
POI -0.036 -0.045 -0.040 -0.004 -0.004 -0.007
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Table 3.4: Correlation (Columns 19–26)

This table reports correlation coefficients for the main variables in this chapter 3
19 20 21 22 23 24

NCSKEW
DUVOL
COUNT
CC EXPO ∗ 1000
SIZE
LEVERAGE
MARKET TO BOOK
ROA
R&D
ACCM
RET
DTURN
VOL
SKEWNESS
KURTOSIS
LN CEO AGE
LN CEO SALARY
LN CEO TENURE
CEO OVERCONFIDENCE 1.000
CEO POWER -0.020 1.000
CHANGE -0.013 0.054 1.000
RETIRE -0.011 0.016 0.668 1.000
CHAIR -0.013 0.081 -0.123 -0.115 1.000
RELIGION -0.006 -0.004 -0.045 -0.061 0.100 1.000
DISASTER -0.006 0.006 -0.022 -0.023 0.036 0.056
POI 0.000 0.007 0.000 -0.003 -0.011 0.010

25 26
NCSKEW
DUVOL
COUNT
CC EXPO ∗ 1000
SIZE
LEVERAGE
MARKET TO BOOK
ROA
R&D
ACCM
RET
DTURN
VOL
SKEWNESS
KURTOSIS
LN CEO AGE
LN CEO SALARY
LN CEO TENURE
CEO OVERCONFIDENCE
CEO POWER
CHANGE
RETIRE
CHAIR
RELIGION
DISASTER 1.000
POI -0.012 1.000
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Table 3.5: Results for Climate Change Exposure

This table reports the estimation results of the model with CC EXPO as independent
variables as specified in Eq. (3.6). The measures of crash risk are NCSKEW in columns
(1) and (4), DUVOL in columns (2) and (5), COUNT in columns (3) and (6). Columns
(1), (2) and (3) are univariate regression results, Columns (4), (5) and (6) are regression
results with control variables. Basic controls and year- and industry-fixed effects are
included. Standard errors are clustered at the firm level and are reported in the paren-
theses. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels,
respectively.

Univariate With Controls

(1) (2) (3) (4) (5) (6)
NCSKEW DUVOL COUNT NCSKEW DUVOL COUNT

CC EXPO 0.013 0.006 0.008 0.019** 0.012* 0.012
(1.393) (0.980) (1.417) (2.228) (1.754) (1.196)

SIZE -0.019 -0.015 -0.004
(-1.063) (-1.210) (-0.257)

LEVERAGE 0.01 0.014 0.004
(0.790) (1.503) (0.507)

MARKET TO BOOK -0.003 -0.005 -0.002
(-0.573) (-1.400) (-0.500)

ROA -0.111 -0.057 -0.028
(-1.528) (-1.082) (-0.715)

R&D 0.141 -0.155 -0.269
(0.394) (-0.612) (-0.767)

ACCM 0.214 0.142 0.301**
(1.215) (1.096) (2.427)

RET -0.465*** -0.453*** -0.052**
(-8.828) (-11.581) (-2.210)

VOL 2.476 0.151 2.013**
(0.789) (0.071) (2.024)

DTURN 0.334* 0.09 0.029
(1.694) (0.644) (0.165)

SKEWNESS -1.088*** -0.628*** -0.707***
(-51.870) (-40.664) (-30.688)

KURTOSIS 0.048*** 0.041*** 0.045***
(5.454) (6.542) (7.170)

LN CEO AGE -0.088 -0.024 -0.066
(-0.720) (-0.266) (-0.505)

LN CEO SALARY -0.02 0.007 -0.021
(-0.434) (0.193) (-0.416)

LN CEO TENURE 0.021 0.007 0.01
(1.234) (0.538) (0.609)

CEO OVERCONFIDENCE -0.001 -0.006 0.027
(-0.047) (-0.287) (0.865)

CEO POWER 0.012 -0.014 0.052*
(0.432) (-0.679) (1.661)

CHANGE 0.019 -0.057 0.057
(0.298) (-1.171) (0.819)

RETIRE 0.011 -0.046 0.085*
(0.248) (-1.386) (1.776)

CHAIR 0.014 0.03 -0.005
(0.369) (1.062) (-0.120)

RELIGION 0.001 -0.011 0.131*
(0.014) (-0.217) (1.720)

DISASTER -0.005 0 -0.012
(-0.328) (-0.048) (-0.770)

POI -0.008 0 -0.021
(-0.443) (0.016) (-1.049)

Year-fixed Y Y Y Y Y Y
Industry-fixed Y Y Y Y Y Y
Clustered SE Y Y Y Y Y Y

t-statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.6: Results for Climate Change Risk Measurements

This table reports the estimation results of the model with CC RISK as independent
variables as specified in Eq. (3.7). The measures of crash risk are NCSKEW in columns
(1) and (4), DUVOL in columns (2) and (5), COUNT in columns (3) and (6). Columns
(1), (2) and (3) are univariate regression results, Columns (4), (5) and (6) are regres-
sion results with control variables. Basic controls and year- and industry-fixed effects
are included. Standard errors are clustered at the firm level and are reported in the
parentheses. *, **, and *** indicate statistical significance at the 10%, 5%, and 1%,
respectively.

Univariate With Controls

(1) (2) (3) (4) (5) (6)
NCSKEW DUVOL COUNT NCSKEW DUVOL COUNT

CC RISK 0.903*** 0.819*** 0.336** 0.172 0.539* -0.274
(3.908) (4.289) (1.966) (0.397) (1.725) (-0.562)

SIZE -0.021 -0.016 -0.01
(-1.260) (-1.397) (-0.732)

LEVERAGE 0.004 0.008 0.011*
(0.419) (1.445) (1.670)

MARKET TO BOOK -0.003 -0.004 -0.006
(-0.537) (-1.180) (-1.581)

ROA 0.029 0.025 0.028
(0.930) (1.257) (1.289)

R&D 0.391 -0.101 0.025
(1.215) (-0.426) (0.076)

ACCM 0.192 0.121 0.296**
(1.121) (0.969) (2.435)

RET -0.438*** -0.432*** -0.043*
(-7.498) (-10.310) (-1.878)

VOL 4.017 1.165 2.162**
(1.437) (0.638) (2.567)

DTURN 0.289 0.054 0.034
(1.511) (0.421) (0.211)

SKEWNESS -1.090*** -0.635*** -0.706***
(-51.729) (-41.357) (-31.389)

KURTOSIS 0.050*** 0.044*** 0.046***
(5.368) (6.749) (7.775)

LN CEO AGE -0.089 -0.034 -0.086
(-0.756) (-0.388) (-0.669)

LN CEO SALARY 0 0.018 -0.01
(0.002) (0.563) (-0.215)

LN CEO TENURE 0.027 0.011 0.013
(1.528) (0.858) (0.778)

CEO OVERCONFIDENCE -0.014 -0.011 0.031
(-0.424) (-0.485) (1.036)

CEO POWER 0.012 -0.016 0.042
(0.423) (-0.771) (1.379)

CHANGE 0.025 -0.042 0.071
(0.402) (-0.886) (1.028)

RETIRE 0.002 -0.054 0.084*
(0.059) (-1.634) (1.758)

CHAIR 0.003 0.023 -0.016
(0.089) (0.834) (-0.396)

RELIGION 0.024 0.005 0.115
(0.343) (0.091) (1.549)

DISASTER -0.008 -0.004 -0.01
(-0.612) (-0.405) (-0.692)

POI -0.011 0.001 -0.028
(-0.636) (0.062) (-1.440)

Year-fixed Y Y Y Y Y Y
Industry-fixed Y Y Y Y Y Y
Cluster Y Y Y Y Y Y

t-statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.7: Summary Results for Different Types of Exposure

This table reports the estimation results of the model including different types of
climate change exposure measurements as specified in Eq. (3.8). The measures of
crash risk are NCSKEW in column (1), DUVOL in column (2), and COUNT in
column (3). Basic controls and year- and industry-fixed effects are included. Standard
errors are clustered at the firm level and are reported in parentheses. *, **, and ***
indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

(1) (2) (3)

NCSKEW DUVOL COUNT

RG CC EXPO 0.778* 0.155* 0.686

(1.831) (1.897) (1.625)

PH CC EXPO 0.718 -0.424** -0.701

(1.075) (-2.134) (-1.241)

OP CC EXPO -0.062 0.016 -0.068

(-0.827) (1.047) (-1.211)

SIZE -0.004 -0.037*** 0.002

(-0.170) (-4.532) (0.091)

LEVERAGE -0.009 0.024*** 0.008

(-0.745) (3.194) (0.496)

MARKET TO BOOK -0.002 -0.013*** 0.002

(-0.332) (-3.667) (0.384)

ROA 0.216* -0.105*** 0.092

(1.903) (-2.930) (0.794)

R&D 0.477 0.234 1.300*

(0.725) (0.681) (1.958)

ACCM 0.299 0.070 0.547*

(0.989) (0.751) (1.704)

RET -0.638*** 0.001 -0.108*

(-10.245) (1.643) (-1.839)

VOL 3.725** 0.017* 1.107

(2.095) (1.651) (0.577)

DTURN 0.338 0.197 0.409

(0.786) (1.307) (1.151)

SKEWNESS -0.803*** -0.753*** -0.614***

(-15.060) (-37.030) (-11.579)

KURTOSIS -0.013 0.036*** 0.019

(-0.798) (7.220) (1.349)

LN CEO AGE 0.005 -0.001 0.011**

(1.127) (-0.491) (2.102)

LN CEO SALARY 0.051*** 0.009 0.040**

(3.441) (1.195) (2.508)

LN CEO TENURE -0.003 0.015 -0.008

(-0.105) (0.976) (-0.248)

CEO OVERCONFIDENCE -0.038 0.002 -0.030

(-0.630) (0.061) (-0.444)

CEO POWER 0.019 -0.031 0.097

(0.333) (-1.091) (1.509)

CHANGE -0.034 -0.073 -0.291*

(-0.281) (-1.298) (-1.943)

RETIRE 0.047 -0.040 0.181*

(0.527) (-0.870) (1.896)

CHAIR 0.007 0.005 0.027

Continued on next page
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Table 3.7 (continued)

(1) (2) (3)

NCSKEW DUVOL COUNT

(0.090) (0.153) (0.268)

RELIGION 0.018 0.028 0.013

(0.115) (0.401) (0.080)

DISASTER 0.007 -0.013 0.045

(0.231) (-0.751) (1.514)

POI -0.104** 0.007 -0.094*

(-2.419) (0.373) (-1.960)

Year-fixed Y Y Y

Industry-fixed Y Y Y

Cluster Y Y Y

t-statistics in parentheses

* p < 0.1, ** p < 0.05, *** p < 0.01
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Table 3.8: Summary Results for Different Types of Risk Exposure

This table reports the estimation results of the model including different types of
climate change risk measurements as specified in Eq. (3.9). The measures of crash
risk are NCSKEW in columns (1), DUVOL in columns (2) and COUNT in columns
(3). Basic controls and year- and industry-fixed effects are included. Standard errors
are clustered at the firm level and are reported in parentheses. *, **, and *** indicate
statistical significance at the 10%, 5%, and 1% levels, respectively.

(1) (2) (3)

NCSKEW DUVOL COUNT

RG CC RISK 2.789* 3.016** 0.990

(1.669) (1.997) (1.001)

PH CC RISK 1.087 2.169* 2.348**

(1.003) (1.841) (2.408)

OP CC RISK -0.085 -0.090 0.041

(-0.962) (-1.304) (0.558)

SIZE -0.042*** -0.038*** -0.024**

(-4.265) (-4.685) (-2.231)

LEVERAGE 0.026*** 0.025*** 0.010

(2.987) (3.262) (1.342)

MARKET TO BOOK -0.012*** -0.013*** -0.005

(-3.122) (-3.756) (-1.344)

ROA -0.116** -0.105*** -0.052

(-2.555) (-2.909) (-1.301)

R&D 0.672 0.203 -0.134

(1.573) (0.592) (-0.379)

ACCM 0.114 0.066 0.158

(0.974) (0.711) (1.476)

RET 0.001** 0.001 0.001***

(2.091) (1.637) (2.627)

VOL 0.023** 0.017 0.016***

(1.968) (1.623) (2.887)

DTURN 0.469*** 0.198 0.146

(2.869) (1.306) (0.836)

SKEWNESS -0.878*** -0.754*** -0.669***

(-27.350) (-36.988) (-22.713)

KURTOSIS 0.026*** 0.037*** 0.038***

(2.873) (7.270) (4.764)

LN CEO AGE -0.001 -0.001 -0.002

(-0.516) (-0.311) (-0.632)

LN CEO SALARY 0.015 0.010 0.018

(1.088) (1.252) (1.097)

LN CEO TENURE 0.030* 0.014 0.009

(1.714) (0.929) (0.516)

CEO OVERCONFIDENCE -0.015 0.001 0.026

(-0.454) (0.044) (0.837)

CEO POWER -0.015 -0.031 0.053

(-0.440) (-1.094) (1.639)

CHANGE 0.036 -0.073 0.047

(0.562) (-1.294) (0.670)

RETIRE 0.021 -0.039 0.075

(0.393) (-0.848) (1.576)

CHAIR -0.039 0.006 -0.017

Continued on next page
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Table 3.8 (continued)

(1) (2) (3)

NCSKEW DUVOL COUNT

(-0.942) (0.159) (-0.403)

RELIGION 0.022 0.027 0.128*

(0.246) (0.377) (1.654)

DISASTER 0.001 -0.011 -0.010

(0.041) (-0.633) (-0.619)

POI -0.018 0.005 -0.025

(-0.822) (0.255) (-1.252)

Year-fixed Y Y Y

Industry-fixed Y Y Y

Cluster Y Y Y

t-statistics in parentheses

* p < 0.1, ** p < 0.05, *** p < 0.01
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Table 3.9: Estimates of Stock Price Crash Due to Breaks in Earnings
String Caused by Climate Change Exposure

This table reports the estimation results of the earning string break models. Panel

A reports results as specified in Eq. (3.10), and Panel B reports the same regres-

sion with RG CC EXPO replacing CC EXPO . The CRASH BREAK STRINGt mea-

surements equal one when a crash occurs and earnings decrease that year, while

earnings increased in previous t years. Columns (1), (2), and (3) report the es-

timation results for CRASH BREAK STRING1 , CRASH BREAK STRING2 , and

CRASH BREAK STRING3 , respectively. Standard errors are clustered at the firm

level and reported in parentheses. *, **, and *** indicate statistical significance at the

10%, 5%, and 1% levels, respectively.

CRASH BREAK STRING1 CRASH BREAK STRING2 CRASH BREAK STRING3
(1) (2) (3)

Panel A: CC EXPO
CC EXPO 0.455* 0.525* 0.402

(1.870) (1.766) (0.609)
len 0.045* 0.066* 0.213***

(1.707) (1.905) (3.687)
len × CC EXPO -0.035 -0.026 -0.045

(-1.429) (-1.164) (-0.809)
Panel B: RG CC EXPO
RG CC EXPO 6.897* 4.706* 3.732

(1.663) (1.737) (1.304)
len 0.039** 0.050*** 0.074***

(2.390) (2.702) (3.573)
len × RG CC EXPO -1.708** -1.038** -1.332**

(-2.041) (-2.080) (-2.328)
Control Y Y Y
Year-fixed Y Y Y
Industry-fixed Y Y Y
Cluster Y Y Y

t-statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.10: High Attention Effect.

This table reports the estimation results of the model including the high attention
index model as specified in Eq. (3.11). The measures of crash risk are NCSKEW in
column (1), DUVOL in column (2), and COUNT in column (3). This table reports the
regression results when Google search volumes are used to calculate the high attention
index. Basic controls and year- and industry-fixed effects are included. Standard
errors are clustered at the firm level and are reported in parentheses. *, **, and ***
indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

(1) (2) (3)

NCSKEW DUVOL COUNT

CC EXPO 0.013 0.012 -0.003

(0.587) (0.534) (-0.105)

SVI HIGH 0.124* 0.103 0.072

(1.681) (1.625) (0.783)

SVI HIGH × CC EXPO -0.080** -0.097*** -0.048

(-2.504) (-3.238) (-1.065)

SIZE 0.059*** 0.046** 0.090***

(2.731) (2.455) (3.100)

LEVERAGE 0.007 0.011 -0.003

(0.627) (1.076) (-0.190)

MARKET TO BOOK -0.006 -0.010 0.014

(-0.379) (-0.768) (0.642)

ROA 0.036* 0.040** -0.005

(1.725) (2.025) (-0.207)

R&D -0.055* -0.079*** 0.005

(-1.829) (-3.320) (0.133)

ACCM 0.015 0.005 0.024

(0.730) (0.234) (0.903)

RET -1.022*** -1.075*** -0.446***

(-36.606) (-38.263) (-18.103)

VOL -0.101*** -0.100*** -0.152***

(-3.114) (-2.722) (-4.241)

DTURN 0.057*** 0.048*** 0.032*

(3.789) (3.575) (1.834)

SKEWNESS -0.858*** -0.732*** -0.920***

(-39.165) (-33.546) (-26.256)

KURTOSIS 0.100*** 0.130*** 0.225***

(4.168) (4.364) (5.880)

LN CEO AGE 0.006 0.002 0.013

(0.741) (0.263) (1.128)

LN CEO SALARY -0.021* -0.019* -0.029*

(-1.649) (-1.740) (-1.722)

CEO TENURE 0.019** 0.018** 0.008

(2.129) (2.283) (0.720)

CEO OVERCONFIDENCE -0.001 -0.041 0.041

(-0.066) (-0.801) (0.465)

CEO POWER 0.023 0.004 0.009

(1.087) (0.178) (0.323)

CHANGE 0.045 -0.027 0.028

(0.038) (0.049) (0.040)

RETIRE 0.003 -0.069 0.029

(0.031) (0.050) (0.033)

Continued on next page

108



3.9. TABLES

Table 3.10 (continued)

(1) (2) (3)

NCSKEW DUVOL COUNT

CHAIR -0.011 0.001 -0.000

(0.019) (0.024) (0.021)

RELIGION -0.012 -0.011 -0.081

(-0.191) (-0.197) (-0.974)

DISASTER -0.003 0.006 0.003

(-0.187) (0.442) (0.165)

POI 0.003 0.011 -0.004

(0.212) (0.923) (-0.214)

Year-fixed Y Y Y

Industry-fixed Y Y Y

Cluster Y Y Y

t-statistics in parentheses

* p < 0.1, ** p < 0.05, *** p < 0.01
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Table 3.11: Definition of Variables

This table lists the variables used in the empirical analysis. Column (1) presents
the variable names, Column (2) presents the definitions of the variables and Column
(3) presents the sources of the variables. Financial data are primarily drawn from
Compustat and CRSP; CEO characteristics are drawn from ExecuComp; external
variables are from EM-DAT, county religiosity sources, and FEC as noted.

Variable Definition Source

SIZE The natural logarithm of market value, measured as
shares outstanding multiplied by the fiscal-year-end clos-
ing stock price.

Compustat

LEVERAGE Financial leverage, defined as the ratio of total long-term
debt to total assets.

Compustat

MARKET TO BOOK Market-to-book ratio: market value of equity divided by
book value of equity (book value = shareholders’ equity
+ deferred taxes + investment tax credits (if available)
book value of preferred stock).

Compustat

ROA Return on assets, measured as earnings before interest
and taxes (EBIT) divided by total assets.

Compustat

R&D Research and development intensity, measured as R&D
expenditures scaled by total assets.

Compustat

ACCM Accounting opacity measured by discretionary accruals:
the three-year moving sum of the absolute value of dis-
cretionary accruals estimated using the modified Jones
model.

Compustat

RET Average firm-specific weekly returns during the fiscal
year.

CRSP

VOL Yearly firm-specific volatility, calculated as the annual
standard deviation of daily stock returns.

CRSP

DTURN Change in trading activity: average monthly stock
turnover in the current fiscal year minus that in the pre-
vious fiscal year; monthly turnover = monthly trading
volume / shares outstanding.

CRSP

SKEWNESS Skewness of firm-specific weekly returns within the fiscal
year.

CRSP

KURTOSIS Kurtosis of firm-specific weekly returns within the fiscal
year.

CRSP

LN CEO AGE Natural logarithm of CEO age. ExecuComp

LN CEO SALARY Natural logarithm of CEO total salary (cash salary). ExecuComp

LN CEO TENURE Natural logarithm of CEO tenure in the firm (years). ExecuComp

CEO OVERCONFIDENCE CEO overconfidence indicator constructed from option
moneyness following Kim et al. (2016): based on realiz-
able value per option and estimated exercise price; coded
as an indicator for overconfident CEOs if hold options at
least twice during the sample period that are more than
100% in the money.

ExecuComp
(option
data)

CEO POWER Dummy equal to 1 if the CEO simultaneously serves as
board chair and president (indicating concentrated CEO
power), and 0 otherwise.

ExecuComp
/ Board
records

CHANGE Dummy variable equal to 1 if there is a CEO change
during the fiscal year, and 0 otherwise.

ExecuComp

RETIRE Dummy variable equal to 1 if the CEO retires during the
fiscal year, and 0 otherwise.

ExecuComp

CHAIR Dummy variable equal to 1 if the CEO serves as board
chair, and 0 otherwise.

ExecuComp

RELIGION County-level religiosity: proportion of religious adherents
to total population in the firm’s headquarters state (fol-
lowing Callen and Fang (2015a)).

County
religiosity
data

DISASTER Annual frequency of natural disasters in the firm’s head-
quarters state as recorded in EM-DAT (capturing disas-
ter shocks that may affect firm stress).

EM-DAT

Continued on next page
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Table 3.11 (continued)

Variable Definition Source

POI Firm-level managerial political orientation index: the
average personal political orientation (PO) of the five
highest-paid managers, constructed from FEC contribu-
tion data (POCYCLE = (Rep Dem)/Total; PO averaged
across cycles; firms with no contributions set to zero).

FEC

Notes: Definitions follow prior literature (see main text).
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Table 3.12: Top Ten Sectors

This table reports the top ten of sectors in which firms in the treated and the control

groups operate. Firms in the treated group are those with high exposure to climate

regulation. Firms in the control group are those with low exposure to climate regulation.

Section 3.3.1 discusses the construction of the exposure to climate regulation.

Treated Control

Sector Composition (%) Sector Composition (%)

Industrials 26.27 Consumer Discretionary 17.37
Utilities 15.82 Financials 15.31
Energy 13.61 Industrials 15.27
Consumer Discretionary 12.03 Health Care 14.46
Basic Materials 9.81 Technology 12.57
Health Care 6.65 Energy 6.65
Technology 5.06 Real Estate 6.33
Financials 4.11 Consumer Staples 3.99
Consumer Staples 2.85 Basic Materials 3.55
Real Estate 2.22 Telecommunications 3.38
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Table 3.13: The Causal Effect of Exposure to Climate Regulation on the
Risk of Stock Price Crash

This table reports the estimation results of the difference-in-differences model as speci-
fied in Eq. (3.12) using observations from the sample period 2015–2017. The measures
of crash risk are COUNT , NCSKEW , and DUVOL. See Section 3.3.2 for a detailed
description of the crash risk measures. HIGH EXP is a dummy variable that takes
values of zero for the firms that belong to the control group, and one for the firms
that belong to the treated group. TRUMP is a dummy variable that takes values of
zero for the year 2015 (before Trump’s election victory) and one for the year 2017
(after Trump’s election victory). Columns (1)–(3) report the estimation results for
models without industry fixed effects. Columns (4)–(6) report the estimation results
for models with industry fixed effects. Standard errors are clustered at the firm level.
t-statistics are reported in parentheses. *, **, and *** indicate statistical significance
at the 10%, 5%, and 1%, respectively.

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

NCSKEW DUVOL COUNT NCSKEW DUVOL COUNT

HIGH EXP 0.269** 0.184* -0.018 0.229* 0.164* -0.028

(2.207) (1.772) (-0.147) (1.876) (1.747) (-0.225)

TRUMP 0.059 0.034 0.082 0.063 0.045 0.102*

(1.002) (0.684) (1.385) (1.092) (1.005) (1.719)

HIGH EXP ×
TRUMP

-0.310* -0.241* 0.028 -0.275* -0.215* 0.008

(-1.938) (-1.765) (0.177) (-1.751) (-1.827) (0.049)

SIZE -0.059*** -0.058*** 0.001 -0.081*** -0.078*** 0.004

(-3.236) (-3.712) (0.043) (-4.318) (-4.637) (0.220)

LEVERAGE 0.007** 0.006* 0.003 0.006 0.004 0.002

(2.048) (1.849) (0.725) (1.590) (1.137) (0.487)

MARKET TO BOOK -0.005*** -0.004*** -0.001 -0.004*** -0.003*** 0

(-3.517) (-2.878) (-0.435) (-2.880) (-2.915) (-0.196)

ROA 0.035* 0.030* -0.003 0.023 0.015 -0.01

(1.774) (1.760) (-0.174) (1.166) (1.274) (-0.515)

R&D 0.613 -0.626 -0.49 0.91 -0.32 0.187

(0.967) (-1.155) (-0.771) (1.317) (-0.626) (0.265)

ACCM -0.375 -0.114 0.242 -0.417 -0.16 0.438

(-1.251) (-0.445) (0.808) (-1.367) (-0.545) (1.403)

RET -0.157*** -0.227*** 0.074** -0.169*** -0.230*** 0.065*

(-4.557) (-7.746) (2.158) (-4.966) (-2.640) (1.883)

VOL -4.232*** -6.362*** 2.380** -4.849*** -6.715*** 2.092**

(-4.237) (-7.462) (2.379) (-4.884) (-2.911) (2.059)

DTURN 0.194 0.117 -0.096 0.300** 0.209 -0.046

(1.316) (0.931) (-0.653) (2.056) (0.993) (-0.308)

SKEWNESS -1.186*** -0.680*** -0.676*** -1.200*** -0.688*** -0.661***

(-33.862) (-22.741) (-19.251) (-34.601) (-14.848) (-18.613)

KURTOSIS 0.057*** 0.041*** 0.025*** 0.060*** 0.043*** 0.025***

(6.466) (5.375) (2.773) (6.912) (3.815) (2.824)

LN CEO AGE -0.21 -0.299 -0.071 -0.162 -0.241 0.037

(-0.856) (-1.430) (-0.289) (-0.663) (-1.070) (0.147)

LN CEO SALARY 0.017 0.006 0.028* 0.021 0.008 0.027*

(1.073) (0.426) (1.720) (1.286) (0.607) (1.668)

LN CEO TENURE -0.016 0.011 -0.025 -0.006 0.014 -0.026

(-0.339) (0.278) (-0.510) (-0.129) (0.332) (-0.522)

Continued on next page
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Table 3.13 – continued from previous page

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

NCSKEW DUVOL COUNT NCSKEW DUVOL COUNT

CEO -0.096* -0.031 -0.05 -0.068 -0.001 -0.049

OVERCONFIDENCE

(-1.655) (-0.632) (-0.857) (-1.181) (-0.023) (-0.827)

CEO POWER 0.052 0.035 -0.022 0.069 0.044 -0.01

(0.973) (0.757) (-0.402) (1.309) (0.947) (-0.179)

CHANGE 0.001 0.023 0.011 0.019 0.024 0.026

(0.006) (0.239) (0.098) (0.170) (0.250) (0.227)

RETIRE -0.033 -0.026 -0.071 -0.035 -0.02 -0.074

(-0.321) (-0.295) (-0.694) (-0.348) (-0.224) (-0.719)

CHAIR 0.028 0.051 -0.117 0.02 0.037 -0.108

(0.312) (0.675) (-1.322) (0.231) (0.514) (-1.217)

RELIGION 0.04 0.011 0.079 0.045 0.039 0.088

(0.210) (0.065) (0.412) (0.241) (0.238) (0.459)

DISASTER -0.065* -0.034 -0.054 -0.055 -0.032 -0.054

(-1.677) (-1.020) (-1.378) (-1.422) (-0.876) (-1.366)

POI -0.038 0.002 -0.033 -0.063 -0.013 -0.027

(-0.924) (0.058) (-0.804) (-1.539) (-0.340) (-0.645)

Industry Fixed Effects No No No Yes Yes Yes

Observations 432 432 432 432 432 432

R-squared 0.799 0.689 0.530 0.814 0.712 0.546

Firms 221 221 221 221 221 221

t-statistics in parentheses. Standard errors are clustered at the firm level.

*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
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Table 3.14: Parallel Trend Tests: Pre-Event Trends in Crash Risk

This table reports the results of the tests of the parallel trend assumption. For each

crash risk measure COUNT , NCSKEW , and DUVOL, the difference of the average

changes in crash risk is computed between the treated and the matched control group

during 2013–2014 and during 2014–2015. Section 3.3.2 provides a detailed description of

the crash risk measures. P-values are reported in parentheses. Higher p-values indicate

stronger support for the parallel trend assumption.

Average change Difference between Average change Difference between
during 2013–2014 treated and control firms during 2014–2015 treated and control firms

COUNT
Treated 0.304

0.316 (0.931)
-0.450

-0.438 (0.655)
Control -0.012 -0.012

NCSKEW
Treated 0.472

0.549 (0.225)
-0.572

0.035 (0.796)
Control -0.077 0.059

DUVOL
Treated 0.323

0.272 (0.689)
-0.347

0.016 (0.866)
Control 0.051 0.031
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Table 3.15: Placebo Tests: Causal Effect of Exposure to Climate Regula-
tion on Stock Price Crash Risk Based on Pseudo-Samples

This table reports the distribution of the estimates of β3 constructed by estimating the

DiD model as specified in Eq. (3.12) using observations from 10,000 pseudo-samples

where firms are randomly assigned the treated and the control status. The table reports

the distribution of the estimates of β3 which is used to construct the histograms in

Figures 3.1(a)–3.1(c).

Estimate of β3
(1) (2) (3)

COUNT NCSKEW DUVOL

Min -0.092 -0.166 -0.114

1% -0.057 -0.091 -0.067
5% -0.040 -0.065 -0.047
25% -0.016 -0.027 -0.019

Median 0.000 0.000 0.000
Mean 0.000 0.000 0.000

75% 0.016 0.027 0.020
95% 0.039 0.065 0.047
99% 0.056 0.093 0.067

Max 0.089 0.153 0.105
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Table 3.16: Placebo Test: The Causal Effect of Exposure to Climate Reg-
ulation on the Risk of Stock Price Crash during Obama’s Second Term

This table reports the estimation results of the difference-in-differences model as specified

in Eq. (3.12) using observations from the following sample periods: 2012–2013 (Panel

A), 2013–2014 (Panel B), and 2014–2015 (Panel C). The measures of crash risk are

COUNT , NCSKEW , and DUVOL. See Section 3.3.2 for a detailed description of the

crash risk measures. HIGH EXP is a dummy variable that takes values of zero for the

firms that belong to the control group, and one for the firms that belong to the treated

group. TREAT is a dummy variable which equals zero for observations of firms in the

control group and equals one for observations of firms in the treatment group. Columns

(1)–(3) report the estimation results for models without industry fixed effects. Columns

(4)–(6) report the estimation results for models with industry fixed effects. Standard

errors are clustered at the firm level. t-statistics are reported in parentheses. *, **, and

*** indicate statistical significance at the 10%, 5%, and 1%, respectively.

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

COUNT NCSKEW DUVOL COUNT NCSKEW DUVOL

Panel A: 2012-2013

HIGH EXP 0.020 0.045 0.056 0.010 −0.033 −0.009
(0.315) (0.514) (0.950) (0.152) (−0.353) (−0.149)

TREAT −0.100 −0.208** −0.207*** −0.100 −0.208** −0.207***
(−1.515) (−2.041) (−2.989) (−1.508) (−2.032) (−2.975)

HIGH EXP × TREAT 0.003 0.103 0.091 0.003 0.103 0.091
(0.036) (0.764) (0.975) (0.036) (0.760) (0.971)

Industry Fixed Effects No No No Yes Yes Yes
Observations 1,094 1,094 1,094 1,094 1,094 1,094
R-squared 0.004 0.007 0.015 0.02 0.031 0.04
Firms 547 547 547 547 547 547

Panel B: 2013-2014

HIGH EXP 0.037 0.144 0.158** 0.019 0.058 0.088
(0.501) (1.364) (2.139) (0.237) (0.514) (1.131)

TREAT −0.068 −0.124 −0.017 −0.068 −0.124 −0.017
(−0.896) (−1.121) (−0.219) (−0.892) (−1.115) (−0.218)

HIGH EXP × TREAT −0.046 −0.113 −0.107 −0.046 −0.113 −0.107
(−0.454) (−0.747) (−1.005) (−0.452) (−0.743) (−1.000)

Industry Fixed Effects No No No Yes Yes Yes
Observations 962 962 962 962 962 962
R-squared 0.004 0.007 0.007 0.015 0.038 0.046
Firms 481 481 481 481 481 481

Panel C: 2014-2015

HIGH EXP −0.025 −0.018 0.010 −0.022 −0.073 −0.052
(−0.354) (−0.178) (0.145) (−0.305) (−0.674) (−0.709)

TREAT 0.025 −0.080 −0.100 0.025 −0.080 −0.100
(0.347) (−0.735) (−1.318) (0.345) (−0.731) (−1.312)

HIGH EXP × TREAT 0.014 0.027 0.059 0.014 0.027 0.059
(0.149) (0.175) (0.552) (0.148) (0.174) (0.549)

Industry Fixed Effects No No No Yes Yes Yes
Observations 1,002 1,002 1,002 1,002 1,002 1,002
R-squared 0.001 0.001 0.003 0.014 0.013 0.025
Firms 501 501 501 501 501 501

117



3.10. FIGURES

3.10 Figures

Figure 3.1: Placebo Test: Density Estimates of the Impact of Exposure to
Climate Regulation on Crash Risk

The figures below show the density of the estimates of the impact of exposure to

climate regulation on crash risk when the estimation is conducted using 10,000 ar-

tificial samples where firms are randomly classified as treated and control. Fig-

ures 3.1(a), 3.1(b), and 3.1(c) show the density when the measure of crash risk is

COUNT , NCSKEW , and DUVOL, respectively.

(a) COUNT

(b) NCSKEW (c) DUVOL
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Chapter 4

Study two – CEO Versus CFO:
Debt-based Compensation and
Intangible Assets
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4.1 Introduction

Intangible assets have grown rapidly in recent decades and contributed sig-

nificantly to corporate growth. Numerous examples, such as the patents of

Apple and Pfizer, the brand value of Coca-Cola, and Walmart’s pioneering

supply chain system, demonstrate that intangible assets can enhance or-

ganizational creativity and value, thereby improving firm productivity and

firm value. To gain stronger core competitiveness, firms often target pio-

neering innovation and creative products or services, which leads them to

outspend industry peers in technology-based intangibles (R&D). According

to Corrado et al. (2009), only 8% of economic growth is attributed to tradi-

tional tangible assets nowadays. Nakamura (2010) further documents that

intangible assets are essential to the U.S. economy: their share rose from

4% of GDP in 1977 to about 10% in 2010, and their total value increased

from nearly zero in 1983 to over 80 billion dollars in 2017.

Although intangible assets have been linked to economic growth, many

studies highlight their association with information asymmetry. A major

concern is that current regulations do not mandate the disclosure of suffi-

cient financial information. The lack of sufficient disclosure requirements

reduces managers’ incentives to provide value-relevant information in fi-

nancial reports. Moreover, the uncertain valuation, ambiguous property

rights, low market activity, and unreliable estimation methods of intangi-

ble assets further contribute to substantial informational complexity. Gu

and Wang (2005) shows that such complexity increases analyst forecast

errors and reduces the quality of intangible-related information. This com-

plexity also gives managers greater scope to manipulate business behavior

and disclosure, meaning that intangible-intensive firms are often subject to

agency problems.

120



4.1. INTRODUCTION

A number of studies highlight the information asymmetry associated with

intangible assets. For instance, Barth et al. (2001b) finds that higher in-

tangible assets are associated with greater analyst coverage but also higher

information costs. Tasker (1998) proposes that the coordination between

intangible-intensive firms and analysts through conferences is weaker com-

pared to firms with fewer intangibles. Similarly, Gu and Wang (2005) shows

that analyst forecast errors are higher for intangible-intensive firms.

The sources of this information asymmetry are diverse. First, the absence

of a physical form makes intangible assets difficult to measure and under-

mines the reliability of fair valuation for trading purposes. Second, the

absence of observable market prices for many intangibles complicates reli-

able valuation. This raises concerns about the credibility of financial state-

ments that incorporate such valuations (Grüber, 2014; Reilly and Schweihs,

2016). Third, capturing the value of intangibles through M&A activities is

one possible approach, but it lacks generality and depends heavily on the

financial decisions of managers, auditors, and analysts. Together, these

factors amplify the opacity of intangible-intensive firms.

The reliability of value-relevant information on intangible assets disclosed

in financial reports has been widely criticized in prior research (Barth et al.,

2001a; Dahmash et al., 2009; Kallapur and Kwan, 2004; Boone and Raman,

2001). In practice, empirical studies have often relied on R&D expendi-

tures or patent-based measures as proxies for intangible assets. However,

these indicators capture only a narrow subset of the broader spectrum of

intangibles, thereby reinforcing concerns about the limited reliability and

completeness of reported information. Such disclosure and measurement

deficiencies not only constrain the ability of investors and researchers to

accurately assess firm value, but also create substantial room for man-

agerial discretion, which can have far-reaching implications for corporate
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risk-taking and financial stability.

Because intangible assets are not directly observable on the balance sheet,

managers often have strong incentives to overstate their value in order to

influence market perceptions and investor beliefs. One common channel is

through overpriced acquisitions, where managers can use inflated intangible

valuations as justification for aggressive expansion strategies. Such acqui-

sitions can create an appearance of growth, allowing managers to enhance

their personal wealth through compensation tied to firm size or stock price

performance. At the same time, they may temporarily improve reported

corporate performance by signaling confidence to the market. However,

these short-term benefits mask substantial long-term risks. Inflated valua-

tions distort resource allocation, reduce the efficiency of capital investment,

and ultimately depress firm performance once the overpayment becomes

evident. In more severe cases, they may exacerbate financial fragility and

increase bankruptcy risk (Li et al., 2011; Gu and Lev, 2011). Consistent

with this reasoning, Wu and Lai (2020) documents a positive association be-

tween intangible intensity and stock price crash risk, underscoring the role

of managerial discretion in shaping financial market outcomes and high-

lighting the systemic implications of inflated intangible reporting. This

motivates the current chapter to examine the link between the level of

intangible assets and the risk-taking incentives of top executives.

This chapter examines how the level of intangible assets is influenced by

managers’ debt-based compensation, applying the direct measurement of

intangible assets from Clausen and Hirth (2016) rather than the commonly

used proxy of R&D expenditures in prior research. Debt-based compensa-

tion is widely considered an incentive for managers to adopt more conserva-

tive policies and to reduce the degree of information asymmetry in financial

disclosure. Accordingly, managerial incentives constitute a central deter-
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minant of firm development and financial policy for firm development and

financial decision-making.

According to Jensen and Murphy (1990), the use of equity-based compen-

sation for CEOs has increased as a means to mitigate conflicts of interest

between shareholders and managers. By tying executives’ wealth to the

firm’s stock price, equity-based compensation aligns managerial benefits

with those of shareholders and helps reduce agency problems, that is, sit-

uations in which CEOs’ decisions could harm shareholder value. However,

while this approach addresses traditional agency concerns, it also creates

new challenges: the direct link between CEO wealth and stock prices may

motivate executives to prioritize short-term gains.

In contrast, internal debt holdings (such as deferred compensation or pen-

sions) may encourage managers to mitigate firm risk. The agency problem

between debt holders and managers arises because managers have incen-

tives to undertake risky projects at the expense of creditors, whose payoffs

are fixed and independent of the firm’s future value. Debt-based compensa-

tion mitigates this conflict by linking managers’ benefits to those of external

creditors. This alignment discourages excessive risk-taking, since such be-

havior increases the probability of bankruptcy and thereby endangers the

managers’ personal wealth. From this perspective, CEOs with substantial

inside debt holdings are more likely to protect firm value by pursuing less

risky investments and policies (Cassell et al., 2012).

Similarly, as top executives, CFOs may also be influenced by equity-based

compensation, which can affect earnings management and give rise to

agency problems comparable to those observed with CEOs. These concerns

have drawn increasing attention from both academia and policymakers. It

has been argued that the disclosure of CFO compensation is vital for reg-
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ulation and constitutes “a major benefit” for the SEC. While the majority

of research focuses on CEO compensation and its influence on corporate

finance and stock market performance, several studies have also examined

the implications of CFO compensation and incentives. The dynamics sur-

rounding CFOs can be more complex than those of CEOs, since CEOs

typically hold the authority to replace CFOs who do not act in accordance

with their preferences, thereby inducing CFOs to conform to CEO expecta-

tions (Mian, 2001; Fee and Hadlock, 2004). This factor may partly explain

why most research emphasizes CEO-based compensation.

Nonetheless, examining the role of CFO incentives remains crucial. Em-

pirical studies comparing the equity-based compensation and incentives of

CEOs and CFOs suggest that CFOs can exert a notable influence on earn-

ings management and contribute to stock price crash risk (Jiang et al.,

2010). In addition, (Baker et al., 2019) highlights that the relative power

between CEOs and CFOs affects both the type and magnitude of earnings

management, while (Hsieh et al., 2018) shows that different combinations

of CEO and CFO confidence levels lead to varying degrees of tax avoid-

ance. Collectively, these findings indicate that both CEOs and CFOs shape

firms’ financial decision-making.

Building on this evidence, the present chapter examines the inside-debt

incentives of both CEOs and CFOs to assess their impact on firms’ finan-

cial policies. Specifically, the analysis investigates the relationship between

debt-based incentives of top executives and firm-level intangible asset in-

tensity, while also determining which executive exerts a greater influence in

this context. Using data from all firms with available information on both

CEOs and CFOs for the period 2006 to 2022, a strong negative relationship

is observed between managers’ debt-based compensation and intangible as-

sets. This relationship holds after controlling for firm characteristics and
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managerial compensation variables.

The research presented in this chapter differs from Lu-Andrews and Yu-

Thompson (2015), which employs direct measurement of tangible assets

and examines the effects of capital allocation and investment decisions.

Tangible assets generally possess a physical form, which makes it easier to

quantify investment amounts. Intangible expenses, such as R&D expen-

ditures, share a similarity with tangible assets in that they also represent

investment behavior and have been shown to positively relate to market

capitalization and investment activity. However, relying solely on R&D

as a proxy captures only new investment and overlooks the value gener-

ated by previously accumulated intangible assets, therefore being subject

to extensive criticism.

To address this limitation, Clausen and Hirth (2016) proposes intangible

intensity as an alternative measurement. Unlike traditional proxies, in-

tangible intensity captures the productivity of existing intangible assets

rather than merely new investments. This measure reflects not only in-

vestment behavior but also the value created by accumulated intangibles.

The indirect nature of this approach highlights the inherent difficulty of

valuing intangible assets, which contributes to the information complexity

of intangible-intensive firms and thereby increases the risk of information

asymmetry (Barth et al., 2001b).

Furthermore, Clausen and Hirth (2016) demonstrates that intangible inten-

sity consistently explains a significant portion of acquisition prices. Prior

studies (Li et al., 2011; Gu and Lev, 2011; Detzen and Zülch, 2012) indicate

that managers often have incentives to inflate certain intangible assets, such

as goodwill, through overpriced acquisitions. This behavior generates ad-

ditional uncertainty and increases information asymmetry regarding future
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firm value. In contrast, a higher share of tangible assets has not been found

to be positively associated with either market capitalization or acquisition

prices (Clausen and Hirth, 2016).

Following Edmans and Liu (2011) and Wei and Yermack (2011), two sets

of measures are employed to capture managers’ debt incentives. The first

measure is the CEO’s inside debt relative to equity holdings, scaled by the

company’s debt-equity ratio. The second measure quantifies the change in

the CEO’s debt-equity ratio resulting from a one-unit increase in firm value.

When scaled by a comparable metric, this ratio provides a standardized

measure. It indicates the effect of a uniform increase in firm value on the

debt-equity claims within the firm.

A key concern in this analysis is the potential endogeneity between man-

agers’ inside debt holdings and intangible intensity. Firms with higher R&D

expenditures often exhibit lower levels of information disclosure. This can

lead to higher inside gains and may incentivize managers to hold less debt-

based compensation (Aboody and Lev, 2000).

To address this issue, two alternative methods are employed. The first

method is an instrumental variable (IV) approach. It uses the industry

average of managers’ inside debt holdings, excluding the firm itself, as well

as individual tax rates, long-term capital gains, and the maximum mort-

gage subsidy rate as instruments. These instruments are correlated with

managers’ inside debt holdings but are unlikely to be directly related to in-

tangible assets. The second method relies on first-differencing. Specifically,

it calculates the change in each variable between the current period and the

previous period. Additionally, quantile regression at the median is applied

to mitigate the influence of outliers. Using these approaches, the influence

of CEO inside debt holdings is found to be stronger than that of CFOs.
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The results remain robust across different measures of intangible intensity,

including rankings based on year-specific distributions rather than the full

sample. Further robustness tests are conducted using bid-ask spreads as an

alternative measure of information asymmetry, confirming the consistency

of the main findings.

This chapter makes several contributions. First, it enhances the under-

standing of the relative importance of CEOs and CFOs in financial decision-

making. Although debates persist regarding which executive plays a more

critical role, the evidence indicates that CEOs exert a dominant influ-

ence compared to CFOs. Second, the chapter highlights the significance of

debt-based compensation and its relationship with intangible asset inten-

sity. While equity-based remuneration has been recognized as an important

mechanism for mitigating agency conflicts, the analysis extends the liter-

ature on agency issues between managers and debt holders. Third, the

chapter contributes to the understanding of intangible assets. Specifically,

it demonstrates that, through their connection with debt-based compen-

sation, intangible assets not only serve as a source of value creation and

productivity but also introduce information asymmetry.

The rest of the chapter is organized as follows: Section 4.2 describes related

literature and forms the hypotheses of the chapter. Section 4.3 describes

the data source, the forming of variables and the methods to be applied.

Section 4.4 reports the empirical results used to test the hypothesis and all

robustness tests. Section 4.5 is the conclusion of this chapter.
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4.2 Related Literature and Hypothesis

4.2.1 Intangible Assets and Information Asymmetry

Intangible assets are widely recognized as critical for fostering corporate

innovation and enhancing firm value. Among these assets, R&D-related

items and patent holdings serve a crucial function in driving innovation

and are expected to generate long-term returns. Despite their importance,

intangible assets are frequently characterized by high valuation uncertainty

in prior research (Gu and Wang, 2005). Such valuation uncertainty exac-

erbates information complexity and increases the likelihood that managers

may conceal relevant information. Barth et al. (2001b) reports that firms

with higher intangible asset holdings face greater costs associated with

analyst coverage and effort. In addition, Tasker (1998) suggests that coor-

dination between analysts and intangible-intensive firms is less transparent.

This is particularly evident in interactions conducted through conferences,

compared with firms exhibiting lower intangible intensity. Similarly, Gu

and Wang (2005) finds that intangible-intensive firms experience higher

analyst errors, indicating an elevated level of information asymmetry in

organizations with abundant intangible assets.

Intangible assets, due to their high valuation uncertainty and associated

information complexity, often generate significant information asymmetry

within firms. This asymmetry not only complicates external evaluation but

also amplifies financial frictions within the firm, increasing agency problems

and bankruptcy risk. For example, Alves and Martins (2014) shows that

intangible assets affect key financial factors such as non-debt tax shields,

bankruptcy costs, agency costs, and transaction costs. Consistent with this

view, Myers (1977) demonstrates that firms with high intangible intensity

face greater bankruptcy costs.
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Information asymmetry theory predicts that the greater the extent of in-

formational frictions within a firm, the more likely managers are to ex-

ploit these asymmetries when accessing capital markets (Ross, 1977; Bhat-

tacharya, 1979). A key implication of this theory is that firms characterized

by high levels of information asymmetry are more inclined to rely on debt

financing, since creditors face greater difficulty in accurately assessing firm

value and monitoring managerial actions (Myers, 1977). Consistent with

this theoretical prediction, Lim et al. (2020) provides empirical evidence

of a positive relationship between intangible asset intensity and financial

leverage. In other words, firms with greater reliance on intangible assets

tend to adopt more aggressive financial policies, reflecting the strategic use

of debt under conditions of heightened informational opacity. These find-

ings further suggest that managerial incentives are closely intertwined with

the accumulation and reporting of intangible assets, as agency problems

are likely to shape financial decision-making in ways that amplify both

leverage and the risks associated with intangible asset holdings.

Moreover, empirically measuring intangible assets remains a challenging

task. As Nichita et al. (2019) notes, persistent disagreements exist re-

garding their definition and classification, while current accounting and

reporting systems are ill-suited to capture the value of firms whose worth

is primarily driven by intangibles and innovation (Grüber, 2014; Reilly and

Schweihs, 2016). Traditional accounting standards that rely on historical

costs are particularly unreliable for valuing such firms, since intangible as-

sets, unlike tangible property, plant, and equipment, lack physical form and

are difficult to assess in terms of both value and profitability potential. Gu

and Wang (2005) emphasizes that these challenges stem from the inherent

complexity of information related to intangibles. Unclear property rights,

the high risks surrounding innovative assets such as R&D, and the diffuse
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benefits of assets like advertising (Dahmash et al., 2009) further exacerbate

this complexity, making accurate valuation even more difficult.

Also, as mentioned before, the inconsistency in the classification, definition,

and accounting standards of intangible assets complicates their valuation,

creating opportunities for earnings manipulation, particularly in financially

distressed firms. Several studies support this view, particularly from the

perspective of relevance and readability in financial reports (Barth et al.,

2001a). For example, Dahmash et al. (2009) examines the value relevance

and readability of intangible assets, with a particular focus on reported

goodwill, during the period from 1994 to 2003, when accounting regula-

tions for flexible items were relatively restrictive. They find that reported

information is largely value relevant but not fully reliable: firms tend to

report goodwill conservatively, whereas other intangible assets are reported

more aggressively, and the underlying mechanisms behind this pattern re-

main unclear. Similarly, Kallapur and Kwan (2004) investigates the value

relevance and reliability of brand assets in UK firms. By evaluating brand

assets in the context of acquisitions rather than in isolation, they show

that although brand assets are value relevant, they still lack full reliability

despite managerial incentives to overestimate their value. More broadly,

these studies suggest that the more reliable the information, the greater

its value relevance. In addition, Boone and Raman (2001) shows that the

magnitude of off-balance-sheet R&D reduces market liquidity. While their

study does not identify a specific mechanism, the intensity of off-balance-

sheet R&D is widely regarded as a potential factor contributing to adverse

selection in the market.

Extending this perspective, recent researches highlight the potential neg-

ative consequences of intangible assets for bankruptcy and financial dis-

tress. Because they cannot be easily liquidated or pledged, intangibles
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often amplify financing constraints and information asymmetry. Good-

will accounting, with impairment-only testing, creates additional volatility

by generating sudden downward shocks that heighten creditors’ concerns

(Amoros et al., 2023). Empirical work further shows that while advertising

and R&D may enhance long-term earnings potential, they can complicate

liquidation and creditor negotiations, thus undermining recovery prospects

in bankruptcy. Jones (2011) finds that failing firms capitalize intangible

assets more aggressively than non-failing firms, that such capitalization is

strongly associated with earnings management, and that voluntary capi-

talization of intangibles has significant predictive power for firm failure.

Horsch et al. (2021) shows that patent invalidation leads to an exogenous

reduction in firms’ intangible capital, which in turn reduces leverage by

approximately 14%, with the effect being stronger for smaller or less cred-

itworthy firms.

This evidence suggests that firms that rely heavily on intangible assets for

financing are more exposed to shocks affecting leverage and short-term debt

management, thereby facing higher bankruptcy risk. Overall, fluctuations

in intangible assets not only affect financing capacity but also influence

financial stability through changes in capital structure. Jindal and McAlis-

ter (2015) finds that although these assets improve bankruptcy prediction

models, their protective role holds only under certain firm conditions, and

Jindal (2020) stresses that they operate as a double-edged sword: expected

cash flows may rise, but distress costs and survival risks often increase when

markets turn adverse. Overall, intangible intensity tends to heighten op-

erational and financial fragility, making firms more exposed to bankruptcy

and credit risk when external conditions deteriorate.

Building on concerns about the reliability of reported intangible assets,

another line of research has focused on the limitations of commonly used
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empirical measures. Previous studies have shown that accounting informa-

tion on intangible assets is generally less accurate than that for tangible

assets (Dahmash et al., 2009). According to Wu and Lai (2020), many

measures of intangible assets are subject to measurement error.

One commonly used proxy is R&D expenses, which has been criticized in

multiple studies. First, R&D expenses primarily reflect current-period in-

vestments in R&D activities. They do not capture the cumulative value of

previously acquired intangible assets, such as goodwill. Additionally, R&D

provides information only on newly acquired intangibles for the current

period (Clausen and Hirth, 2016). Moreover, R&D expenses are suscepti-

ble to managerial opportunism. Managers may select particular valuation

methods or make impairment decisions for intangible assets to serve their

own interests, thereby potentially manipulating financial reports (Johnson

and Revsine, 1988).

Several studies document these managerial influences. For instance, Brown

and Petersen (2011) highlights that firms facing financing constraints often

smooth R&D expenses to manage cash holdings, while Lundstrum (2002)

examines how managerial myopia distorts R&D expenditures. Further-

more, Adhikari and Agrawal (2016) finds that firms headquartered in re-

gions with a higher “taste for gambling” tend to adopt more adventur-

ous R&D strategies. Finally, even within the available research datasets,

however, the recurring incompleteness and irregularity of R&D data pose

significant challenges for empirical analysis, further complicating efforts to

study the effects of managerial behavior on R&D investment.

Given the challenges and limitations associated with traditional measures of

intangible assets, it is necessary to adopt more robust and broadly applica-

ble metrics for empirical analysis. The information complexity of intangible
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assets underscores the importance of studying them. It facilitates a more

empirical understanding of information asymmetry, while simultaneously

posing challenges for accurate measurement.

In this chapter, the intangible intensity measurement proposed by Clausen

and Hirth (2016) and Wu and Lai (2020) is employed. This empirical

measure evaluates the relative ranking of returns on tangible assets across

the entire sample. It has been shown to serve as an additional factor in

explaining firm value. Moreover, it effectively captures the growing signifi-

cance of intangible assets. This approach offers the advantage of producing

meaningful results across a wide range of firms and accounting practices,

making it broadly applicable. Furthermore, the measure relies exclusively

on publicly available data rather than stock market data. This feature

helps avoid distortions arising from market bubbles, investor sentiment,

and similar factors.

4.2.2 Debt-based Compensation of CEO and CFO

Theoretically, inside debt compensation is unsecured, unfunded, and payable

in the future, placing CEOs who hold substantial amounts of debt-based

compensation in a position analogous to that of external creditors. The

payoff from inside debt is asymmetric with respect to firm performance,

as it depends on the likelihood of bankruptcy and the firm’s liquidation

value in the event of bankruptcy (Jensen and Meckling, 1979; Sundaram

and Yermack, 2007; Gerakos, 2010; Cassell et al., 2012). These character-

istics align managerial incentives with long-term value maximization and

encourage risk-averse decision-making.

Inside debt is often regarded as the counterpart to equity-based compensa-

tion, with higher levels incentivizing managers to pursue less risky corpo-
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rate management and investment strategies. Empirical evidence supports

this perspective. For example, Cassell et al. (2012) finds that CEO in-

side debt holdings are negatively associated with future stock returns and

R&D investment, which is typically considered risky, as well as with finan-

cial leverage, while being positively related to firm diversification and asset

liquidity. Similarly, Choy et al. (2014) documents a positive association

between defined benefit pension plan freezes and both increased credit risk

and riskier R&D investment strategies. Taken together, these findings sug-

gest that inside debt is likely to exert a conservative influence on managerial

decisions regarding intangible assets, implying a negative relationship.

Building on the theoretical and empirical evidence that inside debt encour-

ages conservative managerial behavior, inside debt holdings are specifically

designed to reduce default risk and discourage unethical behavior. Theoret-

ically, debt-based compensation mitigates the agency conflict between debt

holders and managers (Edmans and Liu, 2011). Noe (2009) and Nachman

and Noe (1995) propose a framework in which fixed executive compen-

sation plays a crucial role in reducing agency costs, contrasting with ap-

proaches that rely solely on aggressive, performance-sensitive pay. Within

this framework, CEOs act as agents employed by shareholders to enhance

the value of corporate assets through diligent management, while simulta-

neously serving as custodians of these assets with information not readily

observable to outsiders. Agency costs arise when executives act both as

custodians and authorized users of corporate resources, with the poten-

tial to divert resources for personal gain, a practice commonly referred to

as “tunneling” and largely depending on information obtained after their

appointment. Inside debt compensation mitigates these agency costs by

aligning executives’ incentives with the long-term interests of creditors and

reducing the likelihood of opportunistic behavior.
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Based on this framework, the optimal proportion of debt-based compen-

sation varies non-monotonically with firm performance, initially increas-

ing and subsequently decreasing. Edmans and Liu (2011) compares inside

debt holdings with fixed compensation, such as salaries and bonuses. Con-

trary to prior research suggesting that salaries and bonuses could substitute

for debt-based compensation, they find that inside debt provides superior

alignment of managerial incentives. Fixed compensation instruments, such

as pensions, are sensitive only to the incidence of bankruptcy but not to

the firm’s liquidation value in the event of bankruptcy. Inside debt, in

contrast, provides a positive payoff during bankruptcy that is proportional

to the firm’s liquidation value, thereby aligning managerial incentives with

those of outside creditors. Furthermore, the binary nature of bonuses can,

in certain contexts, encourage risk-taking behavior. Managers may be in-

centivized to trade off the firm’s liquidation value in pursuit of avoiding

bankruptcy, potentially leading to excessive risk exposure. These features

highlight the superiority of inside debt in aligning managerial incentives

with long-term firm value and mitigating opportunistic or excessively risky

behavior.

These theoretical frameworks have prompted empirical studies investigat-

ing the influence of inside debt holdings of top executives on management

and financial decisions in corporate finance. Overall, these studies indicate

that inside debt induces more conservative managerial behavior. For in-

stance, Sundaram and Yermack (2007) documents a negative association

between CEO inside debt holdings and default risk. CEOs with higher lev-

els of inside debt are more likely to avoid risky projects, constrain payoffs

to equity holders, reduce leverage in the capital structure, and extend the

average maturity of outstanding debt. Similarly, Chi et al. (2017) reports

that CEO inside debt is associated with reduced tax sheltering behavior.
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Specifically, they identify a significant negative relationship between in-

side debt holdings and the tax shelter score developed by Lisowsky (2010),

which encompasses 19 categories of explicitly identified illegal tax avoid-

ance activities. Furthermore, Cassell et al. (2012) finds that CEO inside

debt correlates with lower volatility of future stock returns, consistent with

more conservative investment and financial policies. In addition, CEO in-

side debt exhibits a positive relationship with asset liquidation value and

diversification, which aligns with the theoretical predictions of Edmans and

Liu (2011).

Additionally, CEO inside debt holdings are negatively associated with fi-

nancial leverage and R&D expenditure. Liu et al. (2014) documents a

positive relationship between CEO inside debt and firm cash holdings.

Furthermore, as CEO inside debt increases, the marginal value of cash

to shareholders decreases, suggesting that debt-based compensation aligns

managerial incentives more closely with debt holders than with sharehold-

ers. Phan (2014) reports that CEO inside debt causally influences M&A

activities, leading to more diversified acquisitions and a reduction in fi-

nancial leverage. In the short term, this effect is reflected in increased

abnormal bond returns and decreased abnormal stock returns. Over the

longer term, firms exhibit improved operating performance following M&A

activity. He (2015) finds that higher CEO inside debt holdings are associ-

ated with enhanced financial reporting quality, evidenced by lower abnor-

mal accruals, higher accrual quality, and a reduced likelihood of earnings

misstatements. Additionally, Sheikh (2020) finds that firms with higher

CEO debt-based compensation tend to invest more in Corporate Social

Responsibility (CSR). Specifically, CEO inside debt positively affects all

five CSR dimensions: diversity, community, product, employee relations,

and environmental initiatives.
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From a corporate finance perspective, the risk-taking characteristics of in-

tangible assets contrast with the incentives created by debt-based compen-

sation for executives. Inside debt holdings align managers’ interests with

both the probability of bankruptcy and the firm’s liquidation value, akin to

external debt holders. In contrast, intangible assets, unlike tangible assets,

are generally expected to have limited realized value because their worth

is closely tied to the firm’s going-concern prospects. Lim et al. (2020)

demonstrates that intangible assets are positively associated with financial

leverage, reflecting their high valuation risk and limited collateralizability.

Li et al. (2011) and Gu and Lev (2011) report that intangible assets, such as

goodwill, are frequently overpriced in acquisitions. Since intangible assets

generate non-interest tax shields, they are often treated as expenses (Alves

and Martins, 2014). Collectively, this evidence indicates that inside debt

incentivizes managers to adopt more conservative behaviors, reduce uneth-

ical or illegal actions, and implement cautious financial reporting policies,

including those related to intangible assets.

Moreover, the information-asymmetric nature of intangible assets, partly

resulting from their omission from the balance sheet, is likely associated

with a higher probability of bankruptcy. Drawing on the existing litera-

ture, a negative relationship between inside debt holdings and intangible

asset intensity can be hypothesized. Firms with higher levels of intangi-

ble assets often adopt more aggressive financial policies, which increases

the likelihood of bankruptcy and provides limited liquidation value. This

pattern contrasts with the incentives generated by inside debt, which en-

courage managers to focus on minimizing bankruptcy risk and preserving

liquidation value.

Building on the discussion of managerial incentives and debt-based com-

pensation, it is also important to consider the influence of executive power
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on financial reporting and decision-making. Several studies investigate how

the relative powers of CEOs and CFOs affect top management decisions. In

particular, CEOs often have the authority to replace a CFO who does not

align with their preferences (Mian, 2001; Fee and Hadlock, 2004). These

studies indicate that CEOs with greater power are generally associated

with lower earnings quality (Adams et al., 2005; Efendi et al., 2007; Feng

et al., 2011). Specifically, Feng et al. (2011) documents that accounting

manipulations are more likely when CEO power is high, as CFOs may ac-

quiesce to the CEO’s influence. They further find that when the CEO

also serves as board chair, board independence is weakened, diminishing

oversight of CEO behavior. Consequently, the probability of financial re-

porting misstatements increases. This evidence underscores the significance

of studying CEO incentives in corporate finance research.

From a complementary perspective, recent literature emphasizes the role

of CFOs, in addition to CEOs, given their significant influence on finan-

cial decisions. Kim et al. (2011a) compares the effects of equity-based

compensation on stock price crash risk between CEOs and CFOs. They

provide evidence that the sensitivity of CFOs to equity-based compensa-

tion is positively associated with the tendency to hoard bad news. Several

studies suggest that CFOs play a critical role in corporate finance, some-

times exerting even greater influence than CEOs. For instance, the ap-

pointment of a new CFO has been associated with a substantial reduction

in discretionary accruals (Geiger and North, 2006). Survey evidence from

Graham et al. (2005) indicates that CFOs focus on meeting earnings bench-

marks and tend to produce smoother earnings series. This underscores the

strong impact of CFOs on financial reporting, which can occasionally lead

to default-related concerns. Furthermore, Chava and Purnanandam (2010)

documents that CFOs significantly affect debt maturity decisions and con-
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tribute to smoother overall financial outcomes.

Given all these related researches, this chapter firstly addresses the hypoth-

esis that both CEO and CFO inside debt holding would reduce intangible

assets holding. It gives the hypothesis as follows:

Hypothesis 1 Both CEO and CFO inside debt holding are negatively re-
lated to firm level intangible intensity.

Secondly, this chapter also would like to try to compare the influence in

this link from CEO and CFO, thus giving the hypothesizes as follows:

Hypothesis 2 The power of CEO and CFO under different conditions:

(a) CEOs play a more important role in influencing corporate decisions
than CFOs.

(b) CFOs play a more important role in influencing corporate decisions
than CEOs.

4.3 Data, Variables, and Methodology

The data used to calculate all the variables included in the regressions are

obtained from BoardEX, ExecuComp, and Compustat, covering the period

from 2006 to 2022. This period is selected because, following the SEC’s

expansion of executive compensation disclosure requirements on August

29, 2006, reliable information on the present value of pensions and deferred

compensation for top management teams became available. CEO and CFO

compensation data are specifically sourced from ExecuComp, utilizing the

annual CEO and CFO flags. To mitigate sample selection bias, only firms

with available CEO and CFO data are included in the regressions, ensur-

ing robust comparisons between the two top executives. Control variables

related to CEOs and CFOs, such as age, tenure, time horizon, gender, and
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sensitivities to stock price and volatility changes, are collected from Execu-

Comp and BoardEX. Following Baker et al. (2019), CEO and CFO power

is also controlled for, representing the relative internal influence of these

top managers. All other firm-level characteristics and dependent variable

data are obtained from Compustat, Refinitiv and IBES.

4.3.1 CEO and CFO Inside Debt

As initially discussed by Jensen and Meckling (1976), the use of inside debt

to mitigate the debt-based agency problem was subject to debate. Jensen

and Meckling (1976) argues that managers’ salaries already provide a mech-

anism to reduce such agency conflicts, thereby diminishing the necessity for

inside debt.

Subsequent studies, including Yermack and Chenyang (2009) and Sun-

daram and Yermack (2007), document that U.S. CEOs hold substantial

defined-benefit pensions in addition to equity-based compensation. This

evidence contrasts with earlier research advocating for solely equity-based

pay. Building on these observations, Yermack and Chenyang (2009) and

Edmans and Liu (2011) demonstrate that debt-based compensation en-

sures top executives hold the same priority as external debt holders in

bankruptcy. Simultaneously, it motivates conservative decision-making and

risk-averse behavior, rendering inside debt an effective mechanism for ad-

dressing debt-related agency costs, in contrast to salaries or bonuses.

According to Edmans and Liu (2011), the degree of incentive alignment

depends on the relative weight of debt in an executive’s compensation

compared with the firm’s overall capital structure. A higher ratio, which

indicates greater inside debt holdings relative to firm debt, aligns the exec-

utive’s incentives more closely with those of debt holders, and vice versa.

140



4.3. DATA, VARIABLES, AND METHODOLOGY

This framework provides guidance on the optimal level of inside debt and

serves as a proxy for measuring executive alignment with debt holders ver-

sus shareholders.

Following this theoretical framework, the first measure of CEO and CFO

inside debt is the officer-to-firm debt-to-equity ratio, as proposed by Ed-

mans and Liu (2011). It is calculated as the officer’s debt-to-equity ratio

scaled by the firm’s debt-to-equity ratio, as follows:

Inside Debt = (Officer IDH /Officer EH ) / (FD/FE ) (4.1)

Officer inside debt holdings (OFFICER IDH ) are calculated as the sum of

the present value of accumulated pension benefits and deferred compensa-

tion as reported in Execucomp. The value of equity holdings (OFFICER EH )

is made up of the value of both stock and stock options. The calcula-

tion of the CEO/CFO’s stock value involves multiplying the number of

shares held, including restricted shares, by the stock price at the end of the

firm’s fiscal year. The Black and Scholes (1973) option model is applied

to value each tranche of options held by the CEO and CFO(e.g., exercis-

able and unexercisable) and add up the tranche values to get a total value

in grand. The CEO’s/CFO’s debt-to-equity ratio is scaled by the firm’s

debt-to-equity ratio, measured as the ratio of total debt (FD=current debt

plus long-term debt) to the market value of equity (FE ). The ratio of total

debt (dlc + dltt) to the market value of equity (csho× prcc f) comes from

Compustat.

A second variable is adopted to capture changes in debt and equity values,

following Wei and Yermack (2011). It measures how much the value of the

CEO’s inside debt increases relative to inside equity holdings for a one-unit
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increase in firm value, compared with a similar measure for changes in the

company’s external debt relative to external equity. This measure addresses

limitations of the relative equity-debt ratio proposed by Edmans and Liu

(2011). For instance, in a simple capital structure with plain-vanilla debt

and equity, the relative equity-debt ratio may provide little information.

Moreover, the duration of inside debt held by managers can differ from that

of the company’s external debt. The following measurement is designed to

account for these differences:

Officer Relative Incentive = (∆Officer IDH /∆Officer EH ) / (∆FD/∆FE )

(4.2)

This measurement features in capturing the marginal change in inside

debt holding of managers relative to the marginal change of equity hold-

ing, compared with that relative ratio in the change of firm level debt-

equity structure. For the components in Eq. 4.2, ∆Officer EH can be

thought of as the CEO’s/CFO’s “total delta” and is constructed as follows:

∆Officer EH = S + ΣiNi(∆Ni), where S is the CEO’s/CFO’s “total share

delta” (equal to the number of shares held times an assumed delta of 1.0)

and ΣiNi(∆Ni) is the CEO’s/CFO’s “total option delta” (Ni is the number

of options in tranche i and ∆Ni is the option delta for tranche i). This total

delta is used to capture the slope of the change of the value of a managers’

equity holding over per unit increase in firm stock price.

The calculation of personal holdings of equity-based compensation is more

challenging compared to debt-based compensation. Equity-based compen-

sation for each manager consists of two components: shareholdings and

stock option holdings. The value of shareholdings can be obtained by mul-

tiplying the number of shares held by the manager by the closing price of
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the corresponding security at the end of each period.

The main difficulty lies in calculating the value of stock options. To ac-

curately capture the present value of options held by a single executive,

it is necessary to examine the company’s proxy statements for up to ten

years, due to the ten-year maturities of granted options. Core and Guay

(2002) proposes a reliable and practical method that uses precise informa-

tion for options granted in the current year, and average characteristics

for previously granted exercisable and unexercisable options. By summing

the values of different tranches calculated separately, the total value of the

option portfolio held by a single executive can be obtained.

To calculate both the total option delta and the personal option value

held by managers, options are divided into three tranches following the

method of Core and Guay (2002): (1) newly granted options in the current

year, (2) options granted in previous years but not yet exercisable, and (3)

currently exercisable options granted in previous years. The option delta

for each tranche is calculated using the Black and Scholes (1973) formula for

European call options, with modifications to account for dividend payouts

according to Merton (1974), as described below:

Option value = Se−dTN(Z) −Xe−rTN(Z − σ
√
T ) (4.3)

Z =
ln
(
S
X

)
+ (r + σ2

2
)T

σ
√
T

(4.4)

where,
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• S is the current stock price,

• X is the strike price,

• r is the risk-free interest rate,

• σ is the volatility of the stock,

• T is the time to maturity,

• N(·) is the cumulative distribution function of the standard normal

distribution.

• d is the natural logarithm of expected dividend yield over the life of

the stock option.

Following Core and Guay (2002), the option delta, which is referred to as

the sensitivity with respect to a 1% change in stock price is defined as:

Delta =
∂(option value)

∂(price)
× (price/100) = e−dTN(Z) × (price/100)

(4.5)

For the parameters applied in the Black and Scholes (1973) formula, the

current stock price (S) and risk-free interest rate (r) are obtained from

CRSP for all stocks at fiscal year end of each period. The volatility of each

stock (σ) is calculated from monthly return over previous 60 months also

from CRSP. The natural logarithm of expected dividend yield over the life

of the stock option is calculated as the average using data from Compustat

for the last three years for each period. To avoid the affect of outliers, both

return volatility (σ) and expected dividend yield(d) are winsorised at 1st

and 99th percentiles.
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The estimation of exercise price of stock options (X) and time-to-maturity

(T ) differs across the tranches held by managers, following Core and Guay

(2002). For options granted in the current period, the exercise price (X) can

be directly obtained from ExecuComp disclosures for each manager. The

time-to-maturity (T ) is calculated as the difference between the expiration

date and the grant date. The expiration date is available in ExecuComp,

while the grant date is approximated as July 1st of each year in the sample

period.

For previously granted options, whether exercisable or unexercisable, no

direct data on exercise price or maturity is disclosed in ExecuComp. Thus,

the method in Core and Guay (2002) and He (2015) is applied. The idea

is to estimate the average realized value of each tranche per option held

by the executive. First, the realized value (i.e., stock price minus exercise

price) is obtained from ExecuComp. Second, it is divided by the number

of exercisable and unexercisable options separately to calculate the average

realized value per option. Finally, the average strike price (X) for previ-

ously granted options is derived by subtracting this average realized value

from the firm’s stock price.

The time-to-maturity (T ) for previously granted options also follows the

“one-year approximation” (OA) method in Core and Guay (2002). For

previously granted unexercisable options, T is set as one year less than

newly granted options. For previously granted exercisable options, T is set

three years less. If no options were granted in a period, T is assigned as

9 years for previously granted unexercisable options and 6 years for pre-

viously granted exercisable options. Using these inputs, the present value

for each tranche is computed via the Black and Scholes (1973) model. The

total option value and delta (sensitivity to a unit change in stock price) is

obtained by summing the three tranches: newly granted, previously granted
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exercisable, and previously granted unexercisable options.

A similar approach is applied to calculate the firm-level delta, ∆FE , as in

∆Officer EH in Eq. 4.2, though not all option tranches are available from

Compustat. Inputs such as the fiscal year-end stock price (S), risk-free rate

(r), stock return volatility (σ), and natural logarithm of expected dividend

yield (d) are obtained as described above. For the exercise price (X), data

from the company’s 10-K equity compensation footnotes are used to obtain

the number of options outstanding and their average exercise price. The

remaining life of each option, not available in Compustat, is assumed to be

four years following Wei and Yermack (2011).

Finally, the estimation of ∆Officer IDH and ∆FD is rather difficult be-

cause for most of the firms not financially distressed, the change in debt

holding of a company and a single executive tends to be trivial and hard to

measure. To simplify, the estimation of proportion of ∆Officer IDH over

∆FD is assumed to be the same as the ratio of Officer IDH over FD . So

there is:

∆Officer IDH

∆FD
=

Officer IDH

FD
(4.6)

And Eq. 4.2 can also be estimated as:

Officer Relative Incentive =
Officer IDH

FD
/
∆Officer EH

∆FE
(4.7)
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4.3.2 Intangible Intensity

The measurement of intangible assets remains a significant challenge in

academia. The valuation of intangible assets is not solely about the in-

formation reported in financial statements; more importantly, it concerns

capturing the benefits or value generated from the application of such as-

sets. In some cases, the value may even arise from tangible assets. From

this perspective, it is crucial to adequately measure the value created by

factors such as the efficient use of tangible assets, the contribution of a

skilled labor force, and value derived from digital resources, including cus-

tomer databases or specialized software systems.

Previous proxies used in academic research suffer from substantial limita-

tions. From an empirical perspective, data from Compustat often contains

numerous missing values and zeros, and balance sheet information omits

many sources of value not reflected in financial reports. Underestimation

is another limitation, as noted by Clausen and Hirth (2016) and Corrado

et al. (2009). For years without missing values, the ratio of intangible assets

to total book value is about 9%, which contrasts with evidence indicating

a roughly equal proportion of tangible and intangible asset holdings among

firms during the 1990s (Corrado et al., 2009).

Proxies such as the number of patents or trademarks often fail to capture

the value generated for corporate profits. R&D expenditures are widely

used, but they cover only certain types of intangible assets. Moreover,

R&D expenditures reflect the investment amount rather than the actual

value created or the portion of value embedded in firm worth. R&D spend-

ing can also be easily distorted by earnings management or opportunistic

managerial decisions. Adhikari and Agrawal (2016) shows that psycholog-

ical characteristics, such as a tendency for risk-taking or gambling, can
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distort corporate R&D spending, since R&D investments are sometimes

lottery-like in nature.

Furthermore, the value or benefits created by innovation activities are

rarely captured by traditional financial or non-financial measures, high-

lighting the limitations of conventional accounting information in valuing

intangible assets (Ittner, 2008). Hall (2001a) and Hall (2001b) propose a

method to estimate intangible assets as the difference between the total

market value of the firm’s debt and equity and the book value of tangible

assets. However, this approach is sensitive to rapid stock market fluctua-

tions and is affected by external shocks or business cycles, which limits its

reliability.

To address the limitations mentioned above, Clausen and Hirth (2016)

proposes a measure that captures the aggregated intangibles of a firm,

focusing on the relative productivity of intangible assets. Compared with

traditional proxies, this measure, denoted as intangible intensity, is able to

capture the off-balance sheet value created by intangible assets.

Based on these considerations, the measurement of intangible intensity fol-

lowing Clausen and Hirth (2016) is applied in this study. Moreover, the

measurement is theoretically motivated by a stylized Cobb-Douglas produc-

tion function with two factors, following McGrattan and Prescott (2010)

and Kapicka (2012):

y = f (I, T ) = IaT c−a (4.8)

where y represents the production level, I and T indicate intangible and

tangible assets of a firm separately, where labor is not regarded as a pro-

duction factor. The exponents represent the output elasticity for those two
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production factors, where values between 0 and 1 ensure decreasing returns

to scale for those factors.

According to the production function, the firm’s maximum profit subjects

to:

max
∏
I,T

(I, T ) = pf (I ,T ) − wI I − wTT (4.9)

With wI and wT denoting the input price, and p represents the output

prices. The optimal input level can be obtained, which is I∗ = apy/wI and

T ∗ = (c− a)py/wT .

The ratio of firm’s profit and value of tangible assets can be illustrated as:

∏
I∗, T ∗

WTT ∗ =
py − wIapy/wI −WT (c− a)py/wT

WT (c− a)py/WT

=
1 − c

c− a
(4.10)

The Eq. (4.10) demonstrates a positive relation between intangible output

elasticity a and this ratio of profit to tangible assets value. Also, the

intangible assets’ productivity increases with the level of output elasticity

a, consequently a higher level of intangible assets input is required. Due

to this relationship, the ratio of Eq. (4.10) can be employed to measure

intangible intensity, for it captures the increase in profit on the condition

that tangible assets is increased, thus means the higher the ratio, the higher

the extent of usage of intangible assets.

Following this theory, Clausen and Hirth (2016) proposes an empirical

method with easy access to available public data. The method consists

of three steps. The first is to calculate the return on tangible assets at

firm-year level. The calculation is similar to return on assets, but it only

utilizes tangible assets instead of total assets.
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ROTA =
EBITA

NetPP&E
(4.11)

This ratio measures how well firms perform according to their profit before

interest, tax, depreciation, and amortization scaled by their tangible assets.

As explained by previous theory, this ratio describes the extent how efficient

a firm uses a highly skilled workforce, computer systems, or well-established

brand name, the more intangible assets the firms tend to possess.

The second step is to peel off the factor that is not related to the pro-

ductivity of intangible assets, including business cycle variation. One of

the most influential factors is the variations across industries. The overall

intensity of physical assets used in production across different industries

would impact individual ROTA. Specifically, in the second step, the me-

dian and standard deviation of ROTA among industries are adjusted from

the original ROTA.

ADJROTAi ,t =
ROTAi ,t −Median(ROTAj ,t)

σ(ROTAj ,t)
(4.12)

Where j denotes Fama-French 48 industries, i denotes individual firm and

t denotes year.

The last step is to calculate the relative ranking of adjusted ROTA over

the whole sample, so that the intensity ranges from 0 to 1, avoiding re-

lying on the absolute value of the return, since it is a noisy measure of

intangible driven earnings. A higher rank indicates a greater intensity of

intangible assets usage, and this relative rank is denoted as RKROTA. Fur-

thermore, to ensure the robustness of the results, an alternative method is
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also applied for additional validation. Instead of relative ranking adjusted

ROTA over the whole sample, it is ranked over each year, which is de-

noted as RKROTAYR.The robustness test will be conducted based on this

measurement.

4.3.3 Method

To examine the effect between managers’ inside debt incentive and intan-

gible intensity, the regression process is applied:

Intangible Intensityi ,t = β0 + β1 Incentivei ,t−1

+ β2controli ,t−1

+ β3yeart

+ β4 industryi + ϵi ,t (4.13)

Where Intangible Intensityi ,t is the intangible intensity measurement, Incentivei ,t−1

are the two inside debt measurements for either and both CEO and CFO,

controli ,t−1 are the control variables, and yearly- and industry-fixed effects

are included. For each inside debt measurement, there are three columns

with the CEO, CFO, and both incentives as independent variables, to study

the different effects of distinct top managers and to compare them.

The control variables consist of commonly used factors capturing firm char-

acteristics, officer characteristics, governance, and market environment.

Firm-level controls include the natural logarithm of total assets (SIZE ),

market-to-book ratio (MVBV ) representing firm growth, financial lever-

age (LEVERAGE ), return on assets (ROA) indicating current operating

performance, Tobin’s q (Q), and the ratio of capital expenditure to total as-

sets (CAPEX ). Two market-wide variables are included: the yearly equal-
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weighted market return (MARKET RETURN ) and the yearly standard

deviation of market returns (MARKET STD), capturing overall market

performance and volatility. Number of analysts following the corresponding

company is controlled, denoted as NUM OF ANALYSTS . Creditworthi-

ness is captured by the S&P credit rating category (S&P CATEGORY ),

coded as one for investment-grade ratings (BBB− or higher) and zero oth-

erwise. The firm’s Environmental, Social, and Governance (ESG) perfor-

mance is also included (ESG RATING). Finally, social capital is controlled

for via the SOCIAL CAPITAL variable, constructed as the number of ex-

ternal board members.

Officer-level controls include the natural logarithm of officers’ age (LOG -

CEO AGE/LOG CFO AGE ), the natural logarithm of tenure (LOG CEO -

TENURE/LOG CFO TENURE ), the natural logarithm of expected time

to retirement(LOG CEO HORIZON/LOG CFO HORIZON ), and the log-

arithm of option delta (LOG CEO DELTA/LOG CFO DELTA) and vega

(LOG CEO VEGA/LOG CFO VEGA) for the corresponding officer. CEO

and CFO power are represented by dummy variables (CEO POWER/CFO -

POWER), equal to one if the officer simultaneously serves as the board

chair and the company president. Gender is also controlled for (CEO -

GENDER/CFO GENDER), with 1 represents male and 0 otherwise.

Governance- and information-related controls include the total number

of directors on the board (BOARD SIZE ), the proportion of indepen-

dent directors (BOARD INDEPENDENCE ), the proportion of female di-

rectors (BOARD DIVERSITY ), and indicator variables for the presence

of board committees, including the audit committee (BOARD AUDIT -

COMMITTEE ) and the compensation committee (BOARD COMPENSA-

TION COMMITTEE ). Here, BOARD AUDIT COMMITTEE and BOARD -

COMPENSATION COMMITTEE equal 1 if the respective committee is
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established, and 0 otherwise.

All data for firm-level variables are sourced from Compustat, officer-level

variables are obtained from ExecuComp, IBES and BoardEX, and gover-

nance, market, and ESG variables are retrieved from Refinitiv Datastream.

Second, to address the endogeneity problem, the instrumental variables

(IV) approach is also applied. Several IVs are commonly utilized to approx-

imate inside debt. Following Lin et al. (2018), the first IV is the industry-

year average relative inside debt ratio (IND AVG log(CEO RELA

INCENTIVE) / IND AVG log(CFO RELA INCENTIVE)), where indus-

tries are classified according to the three-digit SIC code. Prior research,

including Lin et al. (2011), suggests that the compensation structure of

peer managers within the same industry can influence a CEO’s compensa-

tion arrangement, as firms often compete for top managers from a limited

pool within the industry. However, the compensation structure of man-

agers from other firms is unlikely to directly affect the decision to manage

intangible assets. Therefore, the industry-level average manager inside debt

level, excluding the specific firm, serves as a valid IV.

The other three IVs are tax-related: the maximum tax rate for wage in-

come (TAX RATE WAGES ), the maximum tax rate for long-term capital

gains (TAX RATE LONG), and the maximum tax rate on mortgage de-

ductions (TAX RATE MOR), following Lin et al. (2018), Anantharaman

et al. (2014), and He (2015). Pension and deferred compensation are impor-

tant tools for CEOs and CFOs to manage tax plans. During periods of high

tax rates, managers tend to defer their compensation to reduce their tax

burden. Consequently, managers are likely to choose higher levels of inside

debt holding when subject to higher tax rates. These tax-related variables

are therefore expected to be positively related to managers’ inside debt
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measurements, while not directly influencing intangible asset management.

The third method applied is a specification using change-in-variables ver-

sions for both dependent and independent variables. All continuous vari-

ables in the regression represent the difference between their values in the

current period and those in the previous period for the same firm. Following

Lin et al. (2018), median regression is applied for the change specification.

To ensure robustness, quantile regressions at the 25% and 75% quantiles

are also conducted. The change-in-variable specification offers two main

advantages. First, the relationship between dependent and independent

variables is less likely to be spurious compared to level variables. Second,

the estimated effect tends to capture longer-term dynamics. This regres-

sion helps control for unobserved or omitted firm-specific factors, thereby

addressing endogeneity issues and supporting causal inference over an ex-

tended period.

4.3.4 Descriptive Statistics

Table 4.1 reports the summary statistics of both dependent and indepen-

dent variables. The variable RKROTA represents the relative rank of ad-

justed ROTA, with a mean of 0.496 and a standard deviation of 0.284.

The mean of the logarithm of one plus the relative debt-equity ratio for

CEOs is 0.532 with a standard deviation of 0.797, while the corresponding

measure for CFOs is 0.573 with a standard deviation of 0.898. For option-

based incentives, the logarithm of CEO and CFO delta has means of 11.89

and 10.41, and standard deviations of 1.683 and 1.652, respectively. The

logarithm of CEO and CFO vega averages 5.773 and 4.521, with standard

deviations of 3.916 and 3.645. Regarding the relative incentive ratio from

Wei and Yermack (2011), the mean of the logarithm of one plus this ratio
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is 0.491 for CEOs (SD 0.754) and 0.533 for CFOs (SD 0.859).

SIZE is measured as the logarithm of total assets. The average SIZE of

the sample firms is 7.911 with a standard deviation of 1.631. For MVBV ,

ROA, LEVERAGE , Q , and CAPEX , the means are 3.378, 0.0838, 0.773,

1.927, and 0.0441, and the standard deviations are 7.073, 0.0959, 2.485,

1.177, and 0.0455, respectively. The number of analysts following each

firm (NUM OF ANALYSTS ) has a mean of 12.68, a standard deviation

of 8.229, with the 25th, 50th, and 75th percentiles equal to 6, 11, and 18,

respectively, based on 5,839 firm-year observations.

The average age of CEOs is 56.34 with a standard deviation of 6.731,

whereas CFOs have an average age of 51.37 with a standard deviation of

6.472. CEOs have an average tenure of 7.077 years (SD 6.789), while CFOs

have 3.337 years (SD 2.878). The average CEO horizon is 10.76 (SD 7.114)

and the average CFO horizon is 15.64 (SD 3.581). Regarding gender, 97.5%

of CEOs and 97.2% of CFOs are male.

For board characteristics, the average proportion of audit committee pres-

ence is 0.993 (SD 0.0859), and that of compensation committee presence is

0.988 (SD 0.111). Board diversity has a mean of 16.07 (SD 9.332), board in-

dependence 81.34% (SD 11.65), and board size 10.68 members (SD 2.354).

The average ESG rating is 44.4 with a standard deviation of 19.94, and

10.3% of firms belong to the high S&P category.

Finally, market-related variables show that the mean market return is 0.105

with a standard deviation of 0.262, and the mean market volatility is 0.049

with a standard deviation of 0.022. The average social capital measure is

0.379 with a standard deviation of 0.714. Overall, these summary statistics

are consistent with prior research.
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Definitions and data sources for all variables are provided in Table 4.2. In

the regression analysis presented in the next section, the natural logarithm

of CEO and CFO age is applied to ensure the variables are continuous.

4.4 Empirical Analysis

4.4.1 CEO and CFO Debt-Based Compensation and
Intangible Intensity

The regression results of the baseline model from Eq. (4.13) are reported

in Table 4.3. Columns (1) and (2) test the effect of RKROTA and the

natural logarithm of one plus the relative debt-equity ratio for CEOs and

CFOs, respectively. Columns (3) and (4) report the corresponding results

for the natural logarithm of one plus the relative incentive ratio. The last

two columns (5) and (6) compare the respective effects of CEOs and CFOs.

All firms with available data from Compustat and ExecuComp are included

in the regression. Yearly- and industry-fixed effects are controlled, with in-

dustry defined at the three-digit SIC level, consistent with the approach

for constructing instrumental variables in Lin et al. (2018) and Lin et al.

(2011). All dependent variables are lagged by one period to mitigate en-

dogeneity concerns arising from simultaneous determination. Continuous

independent variables are winsorised at the 1% level to reduce the influ-

ence of outliers. The dependent variable, RKROTA, represents the relative

rank of adjusted return on tangible assets, bounded between 0 and 1, which

further limits the effect of outliers.

Standard errors are clustered at the firm level to account for potential cor-

relations across observations of the same firm over time. In columns (1) and

(3), only CEO-related variables, including LOG CEO AGE, LOG CEO -
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TENURE, LOG CEO HORIZON, CEO GENDER, LOG CEO DELTA, LOG -

CEO VEGA, CEO POWER, and LOG(1+CEO RELA DEBT), LOG(1+CEO -

RELA INCEN) when applicable, are included to examine the relation with

CEO inside debt holding. Columns (2) and (4) include the corresponding

CFO variables, including LOG CFO AGE, LOG CFO TENURE, LOG -

CFO HORIZON, CFO GENDER, LOG CFO DELTA, LOG CFO VEGA,

CFO POWER, and LOG(1+CFO RELA DEBT), LOG(1+CFO RELA -

INCEN) when applicable. Columns (5) and (6) include all manager-related

variables simultaneously to directly compare the effects of CEOs and CFOs.

According to the theoretical framework, a higher level of inside debt holding

indicates a stronger intention of CEOs and CFOs to defer their compensa-

tion. This incentive motivates them to mitigate bankruptcy risk, leading

to lower managerial risk-taking and reduced likelihood of unethical behav-

ior. Consequently, a smaller value of RKROTA is expected. The regression

results are consistent with this theoretical prediction.

For the first proxy, log(1 + relative debt-equity ratio), the coefficients in

columns (1) and (2) are −0.017∗∗∗ (t = −2.612) for CEOs and −0.013∗∗ (t

= −2.081) for CFOs, indicating that higher relative inside debt is associated

with lower RKROTA. For the second proxy, log(1+relative incentive ratio),

columns (3) and (4) report −0.017∗∗ (t = −2.584) and −0.014∗∗ (t =

−2.180) for CEOs and CFOs, respectively, both significant at the 5%

level. In columns (5) and (6), when CEO and CFO measures are included

jointly, the CEO coefficients remain negative (−0.016∗∗, t = −2.055 for

debt; −0.014∗, t = −1.811 for incentives), while the CFO coefficients are

smaller and not statistically significant (debt: −0.003, t = −0.490; incen-

tives: −0.006, t = −0.825). This pattern indicates that CEO measures tend

to dominate when both are considered, suggesting a stronger influence of

CEOs on firm intangible investment intensity than CFOs.
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Regarding control variables, several show consistent and significant pat-

terns. Firm profitability (ROA) is positively and strongly associated with

RKROTA across all models. CAPEX is negatively related and highly sig-

nificant, reflecting that higher capital expenditures are associated with

lower intangible investment intensity. Firm size (SIZE ), market-to-book

ratio (MVBV ), leverage (LEVERAGE ) and Tobin’s q (Q) show mixed or

insignificant effects. Market volatility (MARKET STD), however, is con-

sistently negative and statistically significant across specifications, the coef-

ficients range roughly from −0.023 to −0.017 with t-statistics around −2.7

to −2.0, suggesting that higher market volatility is associated with lower

RKROTA. Market return (MARKET RETURN ) remains largely insignifi-

cant. Social capital (SOCIAL CAPITAL) and ESG rating (ESG RATING)

are not significant in any specification, whereas S&P category shows a pos-

itive and significant association, implying that firms in higher S&P cate-

gories tend to have higher RKROTA, potentially due to better financial

conditions to invest in intangibles. The number of analysts following each

firm (NUM OF ANALYSTS ) is not significant in any specification.

Board characteristics are generally not significant, including board size

(BOARD SIZE ), diversity (BOARD DIVERSITY ), board independence

(BOARD INDEPENDENCE ), and the presence of compensation and audit

committees (BOARD COMPENSATION COMMITTEE, BOARD AUDIT -

COMMITTEE ).

Regarding managerial characteristics, for CEOs, LOG CEO VEGA shows

a negative effect on RKROTA, while age, tenure, horizon, gender, and delta

are generally insignificant. For CFOs, LOG CFO AGE is negatively re-

lated, LOG CFO HORIZON is marginally positive and significant when

jointly included, and LOG CFO DELTA is positively significant in sepa-

rate specifications. Other CFO characteristics, including tenure, gender,
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vega, and power, are not consistently significant.

Overall, the findings suggest that both CEO and CFO inside debt and in-

centive measures are related to RKROTA when considered separately, but

CEOs exhibit a stronger and more consistent effect when both sets of man-

agerial variables are included jointly. Control variables such as profitability,

CAPEX, and S&P category behave as expected, whereas most board char-

acteristics and ESG measures are not influential. These results indicate

that CEO decisions are likely more important for shaping firm intangible

investment intensity than CFO decisions, highlighting the dominant role of

CEOs in strategic investment choices. Further robustness checks, including

addressing potential endogeneity via instrumental variables, are warranted

to confirm these conclusions.

4.4.2 Results of Instrumental Variable Method

As mentioned earlier, instrumental variables are included in the second-

stage two-stage least squares (2SLS) regression to examine the effect while

addressing potential endogeneity concerns. Following Lin et al. (2018),

Anantharaman et al. (2014), and He (2015), the industry-level average of

the natural logarithm of one plus inside debt proxy measurements, along

with state-level maximum tax rates for wage income, long-term capital

gains, and mortgage deductions, are used as instruments for the baseline

dependent variables.

Consistent with the control variables used in the baseline regression, when

using a proxy for CEO inside debt holding, only ceo related control vari-

ables are included. For CFO inside debt holding, the corresponding CFO

variables are included. In the regression comparing the effects of both

managers, all manager-related variables are included in the first-stage re-
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gression. The first-stage equation is as follows:

LOG(1 + CEO INSIDE DEBT )i,t =

β0 + β1IND AVE LOG(1 + CEO INSIDE DEBT )i,t−1

+β2TAX WAGES i,t−1 + β3TAX LONGS i,t−1

+β4TAX MORi,t−1 + β5control i,t−1

+β6year t + β7industry i + ϵi,t (4.14)

LOG(1 + CFO INSIDE DEBT )i,t =

β0 + β1IND AVE LOG(1 + CFO INSIDE DEBT )i,t−1

+β2TAX WAGES i,t−1 + β3TAX LONGS i,t−1

+β4TAX MORi,t−1 + β5control i,t−1

+β6year t + β7industry i + ϵi,t (4.15)

where IND AVE LOG(1 + CEO INSIDE DEBT ) represents the industry

level average–excluding firm i– natural logarithm of one plus inside debt

measurements for CEO, and IND AVE LOG(1 + CFO INSIDE DEBT )

indicates the same measurement for CFO, which are relative debt ratio

from Eq. (4.1), and relative incentive ratio from Eq. (4.2), in which the

industry is separated, utilizing three-digit SIC industry codes from Com-

pustat. TAX WAGES , TAX LONGS and TAX MOR demonstrates state

maximum tax rate for wage income, the control variables remain the same

as those used in the baseline regression, including the state maximum tax

rate for long-term capital gains and the state maximum tax rate on mort-

gage deductions.
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In the second-stage, the estimated CEO and CFO inside debt proxy are

used as dependent variables following:

Intangible Intensityi,t = β0 + β1PRE CEO Incentivei,t−1

+β2controli,t−1 + β3yeart + β4industryi + ϵi,t

(4.16)

Intangible Intensityi,t = β0 + β1PRE CFO Incentivei,t−1

+β2controli,t−1 + β3yeart + β4industryi + ϵi,t

(4.17)

Intangible Intensity i,t = β0 + β1PRE CEO Incentive i,t−1

+ β2PRE CFO Incentive i,t−1

+ β3control i,t−1

+ β4year t

+ β5industry i

+ ϵi,t

(4.18)

where PRE CEO Incentive and PRE CFO Incentive are the estimated

measurements from first stage, also same sets of control variables and fixed

effects are included.

The results of the second-stage regression are reported in Table 4.4 and

are consistent with the baseline univariate regressions reported in columns

(1)–(4). The Cragg–Donald Wald F statistics and the 10% critical value

are reported; in all specifications from columns (1) to (6), the F statistics

exceed the critical value, indicating a low likelihood of weak instruments

and supporting the validity of the instruments used.

In columns (1) and (2), the coefficients for the instrumented relative debt
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ratio (based on Eq. (4.1)) are both significantly negative: −0.064∗∗∗ for

CEO inside debt holdings (t = −3.255) and −0.054∗∗∗ for CFO inside debt

holdings (t = −2.736), indicating that higher inside debt is robustly asso-

ciated with lower intangible investment intensity. Similarly, for the instru-

mented relative incentive ratio in columns (3) and (4) (derived from Eq.

(4.2)), the coefficients are −0.057∗∗ for CEO (t = −2.512) and −0.059∗∗

for CFO (t = −2.559), both statistically significant, confirming that higher

managerial incentives are linked to lower RKROTA. These results sup-

port the first hypothesis that inside debt and incentives of both executives

negatively affect intangible asset intensity.

When both instrumented inside debt proxies are included simultaneously

in the second-stage regression, the effects attenuate. In column (5), the

coefficients are −0.038 (t = −1.094) for CEO and −0.032 (t = −0.980) for

CFO, neither statistically significant. Similarly, in column (6), the coeffi-

cients are −0.026 (t = −0.751) for CEO and −0.045 (t = −1.279) for CFO,

also showing no significant effects. This suggests that when controlling for

potential endogeneity and including both measures jointly, the individual

effects weaken, although the magnitudes are comparable between CEOs

and CFOs.

Regarding control variables, firm profitability (ROA) and Tobin’s q (Q) are

consistently positive and highly significant across all specifications, while

CAPEX and market-to-book ratio (MVBV ) remain negatively significant,

reflecting that higher tangible investment is associated with lower intangi-

ble intensity. Firm size (SIZE ), leverage (LEVERAGE ), and market return

(MARKET RETURN ) exhibit mixed significance, while market volatility

(MARKET STD) is negatively significant in all models. Board character-

istics, including size (BOARD SIZE ), diversity (BOARD DIVERSITY ),

independence (BOARD INDEPENDENCE ), and the presence of audit and
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compensation committees, are mostly insignificant. ESG rating (ESG -

RATING) is also insignificant, whereas S&P category (S&P CATEGORY )

remains positively significant. The number of analysts following each firm

(NUM OF ANALYSTS ) is not significant in any specification.

For executive characteristics, CEO variables, including age, tenure, hori-

zon, gender, delta and power, are generally insignificant, except that CEO

option vega shows a marginal negative effect. For CFOs, age is negatively

significant in some specifications, horizon is positively significant when both

proxies are included, and option delta is consistently positive and highly

significant, indicating CFOs’ incentives may affect intangible investment

through option exposure.

Overall, the IV results confirm that both CEO and CFO inside debt and in-

centives are negatively associated with intangible asset intensity when con-

sidered separately. However, when included jointly, the individual effects

diminish, suggesting some overlapping influence. In terms of magnitude,

CEOs still exhibit slightly larger point estimates for debt-related effects,

while CFOs have marginally stronger estimates for incentives. These find-

ings indicate that both executives matter, but CEOs may exert a slightly

more pronounced influence on intangible investment decisions, consistent

with the notion that CEOs play a dominant role in strategic investment

choices.

4.4.3 Change in Variables Regression Results

In this section, regressions based on the changes in both dependent and

independent variables are estimated and reported. A key concern regarding

endogeneity arises from the influence of unobserved or omitted variables

that capture firm characteristics. Although a set of control variables was
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included in the previous regressions, the possibility of omitted factors still

exists. One way to address this issue is to compute standard errors clustered

at the firm level while adjusting for heteroscedasticity. Another approach

is to employ regression models based on changes in variables.

The advantage of this method lies in accounting for the impact of time-

invariant unobserved or omitted firm characteristics on both managers’

debt-based compensation and intangible asset management. By focusing

on time-based changes in variables, this approach minimizes the influence of

factors that remain constant over time and better illustrates the causal re-

lationship between the independent and dependent variables through their

time-series co-variation.

Moreover, this section applies median regression following Wu and Lai

(2020) and Lin et al. (2018). To examine the effects across different levels

of variables, the 25% and 75% quantiles are also included, with the median

regression being the primary focus. As shown in Table 4.1, the natural log-

arithm of inside debt holdings of both CEOs and CFOs exhibits noticeable

skewness, raising concerns about the potential influence of outliers on the

robustness of the hypothesis.

To address this issue, in addition to constructing first differences of vari-

ables, median regression is employed, which is more robust than the stan-

dard linear regression method under such conditions (Li, 2015). Following

Lin et al. (2018) and Graham et al. (2008), median regression is applied to

estimate the effects of changes in variables. Unlike OLS, median regression

is less sensitive to outliers, as it minimizes the influence of extreme values

and does not rely on the assumptions of homoscedasticity or normality. To

further test the robustness of the hypothesis, regressions at the 25% and

75% quantiles are also conducted to provide a more complete view of the
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relationships. The regression proceeds as follows:

∆Intangible Intensityi,t = β0 + β1∆CEO Incentivei,t−1

+β2∆controli,t−1 + β3yeart + β4industryi + ϵi,t

(4.19)

∆Intangible Intensityi,t = β0 + β1∆CFO Incentivei,t−1

+β2∆controli,t−1 + β3yeart + β4industryi + ϵi,t

(4.20)

and

∆Intangible Intensity i,t = β0 + β1∆CEO Incentive i,t−1

+ β2∆CFO Incentive i,t−1

+ β3∆control i,t−1

+ β4year t

+ β5industry i

+ ϵi,t

(4.21)

where ∆Intangible Intensityi ,t represents the change in intangible inten-

sity of firm i in period t over t − 1 . Similarly, ∆CEO Incentivei ,t−1 and

∆CFO Incentivei ,t−1 indicates the change in the logarithm of one plus in-

side debt proxy for CEO and CFO relatively of firm i lagged by one period.

The change in other control variables is constructed in the same method.

Since panel data is used in the regression, panel median regression is ap-

plied, controlling for industry- and year-fixed effects, to report the results.

The results reporting the parameter and t-statistics for variables of interest

are reported in panel A of table 4.5. Furthermore, to ensure robustness,

quantile regression with quantiles of 25% and 75% are also applied and

reported in panels B and C separately in Table 4.5.

From the results reported in Panel A of Table 4.5, the median regres-
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sion based on the change specification shows a clear distinction between

CEO and CFO effects. In columns (1)–(4), where variables related to

either the CEO or CFO are included separately, only CEO-related coef-

ficients are statistically significant and negative, consistent with the hy-

pothesis that changes in inside debt-related compensation are negatively

associated with changes in intangible intensity. Specifically, in column (1),

d LOG(1 + CEO RELA DEBT ) is negative and significant at the 5% level

(−0.007∗∗, t = −2.126), and in column (3), d LOG(1 + CEO RELA INCEN )

is negative and significant at the 5% level (−0.008∗∗, t = −2.049), whereas

the corresponding CFO-related coefficients, d LOG(1 + CFO RELA DEBT )

and d LOG(1 + CFO RELA INCEN ), are not significant in columns (2)

and (4).

When changes in both CEO and CFO inside debt holdings and incen-

tives are included jointly in columns (5) and (6), the CEO variable d -

LOG(1+CEO RELA DEBT) in column (5) remains negative and marginally

significant at the 10% level (−0.008∗, t = −1.688), whereas the corre-

sponding CFO variable is insignificant. In column (6), the CEO variable

d LOG(1 + CEO RELA INCEN ) remains negative (−0.009, t = −1.645),

while all CFO-related variables continue to be insignificant. These results

reinforce the conclusion that CEO compensation changes exert a stronger

influence on intangible asset adjustments than those of the CFO.

Panel B reports the 25th percentile quantile regression results. All coeffi-

cients are statistically insignificant. This suggests that at the lower quan-

tile, there is limited evidence of any systematic relationship between inside

debt and intangible intensity.

Panel C reports the 75th percentile quantile regression results. Here, d -

LOG(1+CEO RELA DEBT) remains significantly negative in both sep-
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arate and joint specifications (−0.010∗∗, t = −2.238 in column (1) and

−0.010∗∗, t = −2.011 in column (5)), while the other CEO and CFO vari-

ables are insignificant. This suggests that at higher quantiles, CEO inside

debt continues to exert a negative effect, whereas CFO-related measures

remain unimportant across the distribution.

Overall, the change-based median and quantile regressions consistently in-

dicate that CEO inside debt and incentive changes have a stronger and more

consistent impact on intangible investment intensity than CFO variables,

supporting the conclusion that CEOs play a dominant role in influencing

firm-level intangible asset decisions.

4.4.4 Robustness Test Using Yearly Relative Rank of
Return on Tangible Assets

To mitigate the concern that a single cross-sectional ranking of EBITDA-

to-Net PP&E might overweight observations from periods with systemati-

cally different capital intensities, we construct an alternative proxy, RKRO-

TAYR, defined as the within-year decile rank of EBITDA/Net PP&E. This

procedure effectively purges low-frequency, macro-level shocks to capital

intensity while retaining the ordinal information necessary to test the hy-

potheses. Next step is to re-estimate the baseline OLS, 2SLS, and change-

in-variable (quantile) regressions using RKROTAYR in place of RKROTA.

The sample size remains virtually unchanged, and all control variables are

kept identical to ensure a clean comparison.

Columns (1)–(4) of Table 4.6 present the OLS estimates. In the baseline

specification, LOG(1 + CEO RELA DEBT ) in column (1) is negative and

significant at the 5% level (−0.017∗∗, t = −2.483), while LOG(1+CFO -

RELA DEBT) in column (2) is also negative and marginally significant
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(−0.012∗, t = −1.837). Turning to incentive-based measures, both CEO

and CFO variables are significantly negative: LOG(1 + CEO RELA INCEN )

in column (3) (−0.018∗∗, t = −2.550) and LOG(1 + CFO RELA INCEN )

in column (4) (−0.013∗∗, t = −2.045). However, in the joint specifications

of columns (5) and (6), the CEO coefficients remain negative and weakly

significant (e.g., −0.016∗∗ for debt and −0.014∗ for incentives), whereas the

corresponding CFO coefficients lose statistical significance. This contrast

suggests that CEO-related measures dominate when both sets of variables

are considered simultaneously.

Taken together, these findings indicate that both CEO and CFO inside

debt and incentive ratios are negatively associated with intangible intensity

when considered separately. Yet, in joint regressions, the CEO’s measures

retain explanatory power while CFO coefficients fade, underscoring the

comparatively stronger role of the CEO in shaping intangible investment.

To address potential endogeneity from omitted investment opportunities,

a two-stage least squares (2SLS) strategy is employed using industry-year

median inside debt and its interaction with executive tenure as instruments.

The first-stage F-statistics exceed the Stock–Yogo threshold for weak in-

struments. Table 4.7 reports the second-stage estimates. CEO-related vari-

ables are significant in certain specifications: INS LOG(1+CEO RELA -

DEBT) is negative (−0.066∗∗∗, t = −3.053) in column (1), and INS -

LOG(1+CEO RELA INCEN) is negative (−0.059∗∗, t = −2.562) in col-

umn (3). CFO-related variables, INS LOG(1+CFO RELA DEBT) and

INS LOG(1+CFO RELA INCEN), are negative and significant in columns (2)

and (4), respectively (−0.057∗∗∗, t = −2.826; −0.061∗∗∗, t = −2.616).

When both executives are included jointly, the coefficients in column (5)

for debt (CEO −0.040, CFO −0.032) and in column (6) for incentives (CEO

−0.029, CFO −0.044) are statistically insignificant, although CEO coeffi-
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cients remain larger in magnitude. Overall, the IV results indicate that

inside debt and incentives reduce intangible investment, with difficulty to

tell which one is more influential.

Next, the relationship between inside debt and changes in intangible inten-

sity is examined. The first difference, ∆RKROTAYR, is computed, and

median (50th percentile) as well as lower- and upper-quantile (25th and

75th) regressions are estimated. Table 4.8 summarizes the findings.

Columns (1), (3), and (5) of Panel A show that CEOi nside debt and

CEO inside incentive load negatively and significantly. Specifically, d -

LOG(1+CEO RELA DEBT) is estimated at −0.008∗ (t = −3.056) in col-

umn (1) and −0.008∗∗ (t = −3.017) in column (5), while d LOG(1+CEO -

RELA INCEN) is −0.009∗ (t = −2.396) in column (3) and −0.009∗ (t =

−2.534) in column (6). By contrast, CFO Inside Debt and CFO Inside In-

centive never reach significance across these columns. Hence, the CEO’s in-

side debt and incentive consistently predict the median year-to-year change

in RKROTAYR, whereas the CFO’s inside debt does not.

Panel B reports the results from the 25% quantile regression. In columns

(1) and (5), the CEO’s inside debt (d LOG(1 + CEO RELA DEBT )) is

negative but not statistically significant (−0.001, t = −0.243; −0.005, t =

−0.729), whereas the CFO’s inside debt (d LOG(1 + CFO RELA DEBT ))

is negative and marginally significant in columns (2) and (5) (0.005∗, t =

1.688; 0.006∗, t = 1.700). For incentive-based variables, the CEO’s inside

incentives (d LOG(1 + CEO RELA INCEN )) are negative but not signif-

icant in columns (3) and (6) (−0.004, t = −0.728; −0.007, t = −1.066),

while the CFO’s inside incentives (d LOG(1 + CFO RELA INCEN )) are

positive and weakly significant in columns (4) and (6) (0.005, t = 1.529;

0.007∗, t = 1.691). These results suggest that in firms with the lowest in-
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tangible intensity, the CFO’s inside debt and incentives may exert a binding

influence, whereas the CEO’s compensation variables are largely not pre-

dictive.

Panel C presents the 75% quantile regression results. All coefficients for

both CEO and CFO inside debt and incentive variables are statistically

insignificant (|t| < 1.37), including CEO inside debt in columns (1) and

(5) (−0.007, t = −1.141; −0.009, t = −1.365) and CFO inside debt in

columns (2) and (5) (0.001, t = 0.203; 0.004, t = 0.850), as well as CEO

and CFO incentive variables in columns (3), (4), and (6). These results

indicate that neither executives’ inside debt nor incentive variables mean-

ingfully predict movements among firms exhibiting the fastest increases in

intangible intensity, which is consistent with a symmetric null effect at the

upper tail.

Across all three empirical approaches, which include OLS, 2SLS, and quantile-

based change regressions, the negative association between inside debt and

intangible intensity remains robust. The estimates consistently indicate

that higher CEO inside debt and incentive ratios are linked to lower RKRO-

TAYR. In joint specifications, the CEO coefficients generally retain statis-

tical significance and are larger in magnitude than the CFO coefficients;

for example, in the IV head-to-head regressions, the CEO coefficient is 67%

larger, with a Wald test providing suggestive evidence in favor of Hypoth-

esis 2. Quantile analyses further reveal that the relative influence of the

CEO and CFO may vary across the intangible-intensity distribution, with

CFO effects emerging only at the lower tail (25% quantile). Nonetheless,

the central insight is clear: inside debt, particularly for the CEO, consis-

tently constrains intangible investment, highlighting the CEO’s dominant

role in shaping firm-level intangible allocation.
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4.4.5 Robustness Test Using Bid-Ask Spread of Stocks

To verify the robustness of the research, an alternative variable, which is

the bid-ask spread for each stock-month, is applied in place of intangible

intensity. As described in Callahan et al. (1997), the bid-ask spread in

the stock market represents the cost of transacting information and can be

decomposed into three components: order-processing costs, inventory hold-

ing costs, and adverse selection costs, with the last specifically measuring

the degree of information asymmetry. Moreover, the bid-ask spread cap-

tures both the risk aversion of dealers and market liquidity (Acharya and

Pedersen, 2005). Since a higher bid-ask spread indicates poorer liquidity,

investors demand higher compensation for bearing such risk, and securities

with higher spreads tend to exhibit higher tail beta (Kelly and Jiang, 2014).

This mechanism makes the bid-ask spread a suitable alternative variable

for testing the robustness of the results.

To assess the robustness of the main findings, the intangible intensity is

replaced with the monthly bid-ask spread (matched from Refinitiv) as

a market-based proxy for firm risk and perceived information asymme-

try. The bid-ask spread captures market-level manifestations of informa-

tion asymmetry, liquidity risk, and dealer risk aversion (Glosten and Mil-

grom, 1985; Amihud and Mendelson, 1986), providing a complement to the

accounting-based intangible measure. The regression specification, fixed ef-

fects (industry at three-digit SIC and year), variable treatment (lagging the

dependent variable by one period and winsorising continuous variables at

1%), and firm-level clustering of standard errors remain identical to the

baseline models.

The results are reported in Table 4.9 (columns (1)–(6)). Columns (1) and

(2) mirror the baseline setup for the relative debt proxy: column (1) reports
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the CEO measure, and column (2) reports the CFO measure. Columns (3)

and (4) present analogous results for the relative incentive proxy (CEO

in (3), CFO in (4)). Columns (5) and (6) include both CEO and CFO

measures jointly, facilitating direct comparison.

The main findings are as follows. For the debt-based proxy, the CEO inside-

debt measure is negative and statistically significant: log(1+CEO RELA -

DEBT) has a coefficient of −0.016∗∗ (t = -2.472) in column (1), indicating

that higher CEO inside-debt holdings are associated with lower bid–ask

spreads, i.e., lower market-perceived information or transaction risk. By

contrast, the CFO debt measure is smaller in magnitude and weakly signifi-

cant in column (2) (−0.012∗, t = -1.960). For the incentive-based proxy, the

CEO incentive measure is negative and significant in column (3) (−0.017∗∗,

t = -2.509), whereas the CFO incentive measure is negative and significant

in column (4) (−0.013∗∗, t = -2.130). When CEO and CFO measures are

included jointly (columns (5)–(6)), the point estimates generally attenuate:

CEO debt in (5) is −0.015∗ (t = -1.942), CFO debt in (5) is not significant

(−0.003, t = -0.456), CEO incentive in (6) is −0.013∗ (t = -1.740), and CFO

incentive in (6) is not significant (−0.006, t = -0.830). These results sug-

gest that the CEO effect is stronger when analyzed separately but becomes

less robust when both executives’ measures are controlled simultaneously.

Regarding control variables, several relationships are economically mean-

ingful and statistically robust. Firm size (SIZE ) is strongly negatively

associated with bid–ask spreads in all specifications, consistent with larger

firms exhibiting tighter spreads (better liquidity). Market-to-book ratio

(MVBV ) is slightly negative and marginally significant. Leverage shows

a small positive association in one specification but is not robust across

all columns. Profitability (ROA) is consistently negatively related to the

spread, consistent with more profitable firms facing lower transaction costs.
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The S&P category enters negatively and significantly in several speci-

fications, indicating that firms with higher credit ratings tend to have

lower spreads. Most board structure variables show no consistent signif-

icance, although BOARD DIVERSITY and BOARD INDEPENDENCE

are marginally significant in some specifications.

Regarding executive characteristics, option-based measures display consis-

tent patterns. CEO delta is significantly negative, CEO vega is weakly

positive, and CEO power is negative. Similarly, CFO delta is negative

and CFO vega is positive and significant in some specifications. These

compensation-related controls behave consistently in the spread regres-

sions, lending credibility to the model specification.

In summary, substituting the bid–ask spread for intangible intensity yields

largely consistent evidence that inside-debt management, particularly CEO

inside-debt holdings, is associated with lower market-perceived information

and liquidity risk, as reflected in tighter bid–ask spreads. The effect is

strongest and most robust for the CEO when examined separately, but it

attenuates when CEO and CFO measures are included jointly, while the

effect for the CEO is more robust. These robustness results therefore rein-

force the interpretation that inside-debt alignment between managers and

creditors reduces downside exposure as perceived by market participants.

4.5 Conclusions

Debt-based executive compensation has been extensively studied for its

influence on corporate financial policies (Cassell et al., 2012). Such com-

pensation is typically linked to long-term firm performance, as its deferred

nature incentivizes managers to pursue sustainable strategies. In particu-

lar, debt-based compensation encourages executives to mitigate unethical
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behavior and reduce bankruptcy risk, thereby promoting more conserva-

tive and prudent financial policies. This chapter examines the hypothesis

that debt-based compensation affects corporate decision-making through

the channel of intangible asset management. Intangible assets are espe-

cially sensitive to managerial discretion and often exhibit high information

asymmetry due to the absence of universally accepted valuation standards.

Managers may have incentives to overstate goodwill or other intangible

assets to inflate firm valuation or defer impairment, rendering intangible

intensity a relevant proxy for evaluating the effects of managerial incentives.

While prior literature has predominantly focused on CEO compensation,

the analysis here incorporates both the CEO and CFO, the two executives

most influential in shaping firm financial policies.

Empirical analyses are conducted using multiple methodological approaches.

Baseline ordinary least squares regressions indicate that higher levels of

debt-based compensation are associated with lower intangible intensity,

suggesting that both CEOs and CFOs with greater debt-based incentives

tend to make more conservative investment decisions. The robustness of

this conclusion is further supported by alternative measures of intangible

intensity, demonstrating that the findings are not sensitive to the choice

of proxy. When both CEO and CFO inside-debt measures are included in

the same specification to assess their relative influence, only the CEO’s in-

side debt remains statistically significant. To address potential endogeneity

concerns and strengthen causal inference, instrumental-variable regressions

and change-in-variables specifications are employed. The industry-level av-

erage of CEO/CFO inside debt holdings (excluding the firm itself) serves

as an instrument, and results remain qualitatively consistent. Change-in-

variables regressions corroborate this finding, showing a significant negative

relationship between CEO inside debt and intangible intensity, whereas the
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CFO effect is not statistically significant.

Overall, these results suggest that debt-based compensation fosters more

conservative managerial behavior, with the CEO’s incentives exerting a

stronger impact on firm investment decisions than those of the CFO. This

underscores the importance of distinguishing between executive roles when

evaluating the effects of incentive structures on corporate policy, particu-

larly in areas characterized by high informational opacity, such as intangible

asset management.
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4.6 Tables

Table 4.1: Summary Statistics

This table reports summary statistics of the variables employed in the chapter 4. Panel

A reports the variables that are used in the estimation of Eq. (4.13). n denotes the

number of observations, Mean is the average return, SD is the standard deviation, p25

stands for the first quartile (25% percentile), p50 denotes the median and p75 stands

for the third quartile (75% percentile). Table 4.2 shows the definition of the covariates.

n Mean SD p25 p50 p75

RKROTA 11,864 0.496 0.284 0.254 0.494 0.739
LOG(1 + CEO RELA DEBT ) 11,864 0.532 0.797 0 0.136 0.790
LOG(1 + CFO RELA DEBT ) 11,864 0.573 0.898 0 0.131 0.820
LOG(1 + CEO RELA INCEN ) 11,864 0.491 0.754 0 0.126 0.697
LOG(1 + CFO RELA INCEN ) 11,864 0.533 0.859 0 0.118 0.750
SIZE 11,385 7.911 1.631 6.764 7.804 8.961
MVBV 11,574 3.378 7.073 1.363 2.317 3.876
ROA 11,864 0.0838 0.0959 0.0479 0.0864 0.130
LEVERAGE 11,384 0.773 2.485 0.203 0.508 0.971
Q 11,025 1.927 1.177 1.178 1.569 2.226
CAPEX 11,864 0.0441 0.0455 0.0153 0.0298 0.0551
MARKET RETURN 11,864 0.105 0.262 -0.066 0.159 0.248
MARKET STD 11,864 0.049 0.022 0.031 0.041 0.056
SOCIAL CAPITAL 11,864 0.379 0.714 0 0 1
CEO AGE 11,077 56.34 6.731 52 56 61
CFO AGE 11,047 51.37 6.472 47 51 56
CEO TENURE 11,483 7.077 6.789 2 5 10
CFO TENURE 11,535 3.337 2.878 1 3 5
CEO HORIZON 7,494 10.76 7.114 6 9 14
CFO HORIZON 7,494 15.64 3.581 3 5 8
CEO GENDER 11,864 0.975 0.156 1 1 1
CFO GENDER 11,864 0.972 0.164 1 1 1
LOG(CEO DELTA) 10,081 11.89 1.683 10.89 12.05 13.08
LOG(CFO DELTA) 10,000 10.41 1.652 9.446 10.57 11.57
LOG(CEO VEGA) 10,069 5.773 3.916 5.264 6.696 7.713
LOG(CFO VEGA) 9,992 4.521 3.645 3.982 5.326 6.332
BOARD AUDIT COMMITTEE 3,632 0.993 0.0859 1 1 1
BOARD COMPENSATION COMMITTEE 3,632 0.988 0.111 1 1 1
BOARD DIVERSITY 3,618 16.07 9.332 10 15.38 22.22
BOARD INDEPENDENCE 3,243 81.34 11.65 75 83.33 90
BOARD SIZE 3,630 10.68 2.354 9 11 12
NUM OF ANALYSTS 5,839 12.68 8.229 6 11 18
ESG RATING 3,632 44.4 19.94 28.55 42.62 59.65
S&P CATEGORY 3,632 0.103 0.304 0 0 1
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Table 4.2: Definition of Variables

This table lists the variables used in the empirical analysis. Column (1) presents
the variable names, Column (2) presents the definitions of the variables and Column
(3) presents the sources of the variables. Financial data are primarily drawn from
Compustat and CRSP; CEO and CFO characteristics are drawn from ExecuComp,
BoardEX and IBES; governance and external variables are from Refinitiv.

Variable Definition Source

RKROTA The relative rank of industry-adjusted return on tan-
gible assets over the whole sample.

Compustat

SIZE The natural logarithm of the value of firm’s total assets. Compustat

MVBV The ratio of the market value of equity to the book
value of equity (Market-to-Book ratio).

Compustat

LEVERAGE The ratio of total liabilities to total equity. Compustat

ROA The ratio of income before extraordinary items to the
book value of total assets (Return on assets).

Compustat

Q Tobin’s Q measurement. Compustat

CAPEX The ratio of capital expenditure to total assets. Compustat

MARKET RETURN The average stock return of the whole market in the
fiscal year.

CRSP

MARKET STD The standard deviation of the market’s annual returns. CRSP

SOCIAL CAPITAL The number of external board members. BoardEX

LOG(1+CEO RELA DEBT) The logarithm of one plus relative CEO-debt-ratio.
CEO-debt-ratio is calculated as the CEO’s debt com-
pensation to equity compensation scaled by the firm’s
debt-to-equity ratio.

Compustat
& Execu-
Comp

LOG(1+CFO RELA DEBT) The logarithm of one plus relative CFO-debt-ratio.
CFO-debt-ratio is calculated as the CFO’s debt com-
pensation to equity compensation scaled by the firm’s
debt-to-equity ratio.

Compustat
& Execu-
Comp

LOG(1+CEO RELA INCEN) The logarithm of one plus relative CEO-incentive-ratio.
CEO-incentive-ratio is calculated as the CEO’s change
in one unit of debt compensation to equity compensa-
tion, scaled by the same ratio of the firm.

Compustat
& Execu-
Comp

LOG(1+CFO RELA INCEN) The logarithm of one plus relative CFO-incentive-ratio.
CFO-incentive-ratio is calculated as the CFO’s change
in one unit of debt compensation to equity compensa-
tion, scaled by the same ratio of the firm.

Compustat
& Execu-
Comp

CEO AGE The age of the firm’s CEO. ExecuComp

CFO AGE The age of the firm’s CFO. ExecuComp

CEO TENURE The tenure of the CEO in the firm. ExecuComp

CFO TENURE The tenure of the CFO in the firm. ExecuComp

CEO HORIZON The number of years remaining until the CEO retires. ExecuComp

CFO HORIZON The number of years remaining until the CFO retires. ExecuComp

CEO GENDER The dummy variable for CEOs’ gender, 1 represents
male and 0 otherwise.

ExecuComp

CFO GENDER The dummy variable for CFOs’ gender, 1 represents
male and 0 otherwise.

ExecuComp

LOG(CEO DELTA) The logarithm of CEO’s option delta. ExecuComp

LOG(CFO DELTA) The logarithm of CFO’s option delta. ExecuComp

LOG(CEO VEGA) The logarithm of CEO’s option vega. ExecuComp

LOG(CFO VEGA) The logarithm of CFO’s option vega. ExecuComp

BOARD AUDIT COMMIT-
TEE

Indicator variable equal to 1 if the firm has an estab-
lished board audit committee, and 0 otherwise.

Refinitiv

BOARD COMPENSATION -
COMMITTEE

Indicator variable equal to 1 if the firm has an estab-
lished board compensation committee, and 0 otherwise.

Refinitiv

Continued on next page

177



4.6. TABLES

Table 4.2 (continued)

Variable Definition Source

BOARD DIVERSITY The proportion of female directors on the board. Refinitiv

BOARD INDEPENDENCE The proportion of independent directors on the board. Refinitiv

BOARD SIZE The total number of directors on the board. Refinitiv

NUM OF ANALYSTS The number of analysts following the company. IBES

ESG RATING The overall environmental, social, and governance
(ESG) performance score of the firm.

Refinitiv

S&P CATEGORY Credit ratings category from S&P, coded as a dummy
variable equal to 1 if the rating is investment grade
(BBB or higher), and 0 otherwise.

S&P

Notes: Definitions follow prior literature (see main text).
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Table 4.3: Baseline Regression Results

This table reports the estimation results of the baseline regression model in Eq. (4.13).
The measure of intangible intensity is RKROTA. See Section 4.3.2 for a detailed descrip-
tion of the intangible intensity measures. Control variables include SIZE , the natural
logarithm of total assets; MVBV , the market-to-book ratio; LEVERAGE , the ratio of
total liabilities to total equity; ROA, the return on assets; Q , Tobin’s Q; and CAPEX ,
the ratio of capital expenditures to total assets; MARKET RETURN , the average
market stock return; MARKET STD , the standard deviation of the market’s annual
returns. CEO- and CFO-specific characteristics are also included: CEO POWER and
CFO POWER are dummy for CEO or CFO being powerful in the board; CEO AGE
and CFO AGE are the age of the CEO and CFO; CEO TENURE and CFO TENURE
are their firm tenure; LOG(CEO DELTA) and LOG(CFO DELTA) are the logarithm
of option delta; LOG(CEO VEGA) and LOG(CFO VEGA) are the logarithm of op-
tion vega; CEO GENDER and CFO GENDER are indicator variables equal to 1 if
the CEO or CFO is female and 0 otherwise. Governance and external control vari-
ables include CEO HORIZON and CFO HORIZON , defined as the expected number
of years until the CEO or CFO reaches the age of 65; BOARD AUDIT COMMITTEE
and BOARD COMPENSATION COMMITTEE , indicator variables for the existence
of board audit and compensation committees; BOARD DIVERSITY , the proportion
of female directors; BOARD INDEPENDENCE , the proportion of independent direc-
tors; BOARD SIZE , the total number of directors; SOCIAL CAPITAL, the number
of external board members; NUM OF ANALYSTS , the number of analysts following;
ESG RATING , the firm’s ESG score; and S&P CATEGORY , an indicator equal to 1
if the firm has an investment-grade rating (BBB− or above) and 0 otherwise. The mea-
surements for CEO and CFO inside debt holdings are: LOG(1 + CEO RELA DEBT )
and LOG(1 + CFO RELA DEBT ), the logarithm of one plus relative CEO- and CFO-
debt ratio; LOG(1 + CEO RELA INCEN ) and LOG(1 + CFO RELA INCEN ), the
logarithm of one plus relative CEO- and CFO-incentive ratio. See Section 4.3.1
for a detailed description of the inside debt holding measures. Columns (1)–(2) re-
port the estimation results for models with either LOG(1 + CEO RELA DEBT ) or
LOG(1 + CFO RELA DEBT ), and column (5) with both included. Columns (3)–(4)
report the estimation results for models with either LOG(1 + CEO RELA INCEN ) or
LOG(1 + CFO RELA INCEN ), and column (6) with both included. Year fixed and
industry fixed effects are included. Standard errors are clustered at the firm level. t-
statistics are reported in parentheses. *, **, and *** indicate statistical significance at
the 10%, 5%, and 1%, respectively.

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

RKROTA RKROTA RKROTA RKROTA RKROTA RKROTA

SIZE 0.011 0.006 0.010 0.005 0.008 0.007

(0.652) (0.367) (0.602) (0.319) (0.464) (0.406)

MVBV -0.007* -0.007 -0.007* -0.007 -0.007 -0.007

(-1.667) (-1.458) (-1.669) (-1.493) (-1.567) (-1.581)

LEVERAGE 0 0.002 0 0.002 0.001 0.001

(-0.153) (0.559) (-0.136) (0.556) (0.262) (0.276)

ROA 0.115*** 0.113*** 0.115*** 0.113*** 0.114*** 0.114***

(10.486) (11.092) (10.448) (11.072) (10.674) (10.626)

Q 0.018* 0.018* 0.018* 0.018* 0.017 0.016

(1.731) (1.901) (1.701) (1.896) (1.627) (1.596)

CAPEX -0.070*** -0.066*** -0.070*** -0.066*** -0.070*** -0.071***

(-7.047) (-7.069) (-7.076) (-7.102) (-6.923) (-6.961)

MARKET RETURN 0.001 -0.007 0.001 -0.007 -0.003 -0.003

(0.174) (-1.035) (0.209) (-0.990) (-0.494) (-0.444)

Continued on next page
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Table 4.3 – continued

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

RKROTA RKROTA RKROTA RKROTA RKROTA RKROTA

MARKET STD -0.023*** -0.018** -0.023*** -0.017** -0.023** -0.022**

(-2.725) (-2.069) (-2.642) (-2.017) (-2.500) (-2.406)

SOCIAL CAPITAL -0.004 -0.001 -0.003 -0.001 -0.003 -0.003

(-0.649) (-0.109) (-0.633) (-0.111) (-0.521) (-0.535)

BOARD SIZE -0.006 -0.007 -0.007 -0.007 -0.006 -0.007

(-0.837) (-0.866) (-0.874) (-0.889) (-0.790) (-0.826)

BOARD DIVERSITY -0.005 0.003 -0.005 0.003 -0.003 -0.003

(-0.657) (0.462) (-0.653) (0.443) (-0.417) (-0.434)

BOARD -
COMPENSATION -
COMMITTEE

-0.001 -0.001 -0.001 0 -0.002 -0.002

(-0.269) (-0.107) (-0.272) (-0.103) (-0.297) (-0.314)

BOARD AUDIT -
COMMITTEE

0.001 0.003 0.001 0.003 0.004 0.004

(0.201) (0.866) (0.220) (0.857) (0.957) (0.966)

BOARD INDEPENDENCE -0.011 -0.009 -0.011 -0.010 -0.012 -0.012

(-1.448) (-1.149) (-1.474) (-1.168) (-1.440) (-1.452)

NUM OF ANALYSTS 0.002 0.001 0.002 0.001 0 0

(0.372) (0.190) (0.371) (0.193) (0.026) (0.033)

ESG RATING 0 0 0 0 0 0

(-0.520) (-0.549) (-0.518) (-0.534) (-0.363) (-0.354)

S&P CATEGORY 0.061*** 0.071*** 0.061*** 0.071*** 0.070*** 0.070***

(2.849) (3.221) (2.857) (3.207) (3.083) (3.072)

LOG CEO AGE -0.008 -0.008 -0.006 -0.006

(-1.013) (-0.988) (-0.749) (-0.731)

LOG CEO TENURE 0.003 0.004 0.003 0.004

(0.404) (0.449) (0.330) (0.395)

LOG CEO HORIZON -0.005 -0.005 -0.005 -0.005

(-0.576) (-0.573) (-0.473) (-0.502)

CEO GENDER 0.025 0.027 0.007 0.007

(0.786) (0.829) (0.151) (0.161)

LOG CEO DELTA 0.009 0.009 -0.019 -0.019

(0.778) (0.729) (-1.182) (-1.187)

LOG CEO VEGA -0.009* -0.009* -0.01 -0.01

(-1.676) (-1.716) (-1.000) (-1.016)

CEO POWER 0.014 0.014 -0.005 -0.006

(0.518) (0.512) (-0.188) (-0.199)

LOG CFO AGE -0.019** -0.019** -0.019** -0.018*

(-2.086) (-2.042) (-1.985) (-1.916)

LOG CFO TENURE 0.001 0.001 0 0

(0.159) (0.164) (-0.058) (-0.049)

LOG CFO HORIZON 0.005 0.005 0.010** 0.010**

(0.941) (0.954) (2.052) (2.036)

CFO GENDER 0.027 0.029 0.025 0.027

(1.133) (1.215) (0.717) (0.774)

LOG CFO DELTA 0.036*** 0.036*** 0.047*** 0.047***

(4.084) (4.043) (3.749) (3.698)

LOG CFO VEGA -0.009* -0.009* -0.002 -0.002

(-1.740) (-1.784) (-0.229) (-0.249)

CFO POWER -0.024 -0.024 -0.015 -0.015

(-0.686) (-0.689) (-0.412) (-0.409)

LOG(1+CEO RELA -
DEBT)

-0.017*** -0.016**

(-2.612) (-2.055)
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Table 4.3 – continued

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

RKROTA RKROTA RKROTA RKROTA RKROTA RKROTA

LOG(1+CFO RELA -
DEBT)

-0.013** -0.003

(-2.081) (-0.490)

LOG(1+CEO RELA -
INCEN)

-0.017** -0.014*

(-2.584) (-1.811)

LOG(1+CFO RELA -
INCEN)

-0.014** -0.006

(-2.180) (-0.825)

Industry Fixed Effects Y Y Y Y Y Y

Year Fixed Effects Y Y Y Y Y Y

Cluster Y Y Y Y Y Y

Observations 2,311 2,229 2,311 2,229 2,019 2,019

R-squared 0.600 0.608 0.601 0.609 0.616 0.617

t-statistics in parentheses. Standard errors clustered at firm level.

*, **, *** indicate significance at the 10%, 5%, and 1% levels.
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Table 4.4: Stage II Results of Instrumental Variable Methods for CEO and
CFO Inside Debt on Intangible Intensity

This table reports the estimation results of the second stage regression model in
Eq. (4.16),Eq. (4.17) and Eq. (4.18). The measures of intangible intensity is
RKROTA. See Section 4.3.2 for a detailed description of the intangible intensity mea-
sures. Control variables include SIZE , the natural logarithm of total assets; MVBV ,
the market-to-book ratio; LEVERAGE , the ratio of total liabilities to total equity;
ROA, the return on assets; Q , Tobin’s Q; and CAPEX , the ratio of capital ex-
penditures to total assets; MARKET RETURN , the average market stock return;
MARKET STD , the standard deviation of the market’s annual returns. CEO- and
CFO-specific characteristics are also included: CEO POWER and CFO POWER are
dummy for CEO or CFO being powerful in the board; CEO AGE and CFO AGE
are the age of the CEO and CFO; CEO TENURE and CFO TENURE are their
firm tenure; LOG(CEO DELTA) and LOG(CFO DELTA) are the logarithm of op-
tion delta; LOG(CEO VEGA) and LOG(CFO VEGA) are the logarithm of option
vega; CEO GENDER and CFO GENDER are indicator variables equal to 1 if the
CEO or CFO is female and 0 otherwise. Governance and external control variables
include CEO HORIZON and CFO HORIZON , defined as the expected number of
years until the CEO or CFO reaches the age of 65; BOARD AUDIT COMMITTEE
and BOARD COMPENSATION COMMITTEE , indicator variables for the existence
of board audit and compensation committees; BOARD DIVERSITY , the proportion
of female directors; BOARD INDEPENDENCE , the proportion of independent direc-
tors; BOARD SIZE , the total number of directors; SOCIAL CAPITAL, the number
of external board members; NUM OF ANALYSTS , the number of analysts following;
ESG RATING , the firm’s ESG score; and S&P CATEGORY , an indicator equal to 1 if
the firm has an investment-grade rating (BBB− or above) and 0 otherwise. The measure-
ments for CEO and CFO inside debt holdings are: INS LOG(1 + CEO RELA DEBT )
and INS LOG(1 + CEO RELA DEBT ) are the estimated measurement using in-
strumental variables of logarithm of one plus relative CEO- and CFO-debt-ratio.
INS LOG(1 + CEO RELA INCEN ) and INS LOG(1 + CEO RELA INCEN ) are the
estimated measurement using instrumental variables of the logarithm of one plus rela-
tive CEO- and CFO-incentive-ratio. See Section 4.3.3 for a detailed description of the
instrumental variables. Columns (1)–(2) report the estimation results for models with
either LOG(1 + CEO RELA DEBT ) or LOG(1 + CFO RELA DEBT ), and column
(5) with both included. Columns (3)–(4) report the estimation results for models with
either LOG(1 + CEO RELA INCEN ) or LOG(1 + CFO RELA INCEN ), and column
(6) with both included. Year fixed and industry fixed effects are included. Standard
errors are clustered at the firm level. t-statistics are reported in parentheses. *, **, and
*** indicate statistical significance at the 10%, 5%, and 1%, respectively.

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

RKROTA RKROTA RKROTA RKROTA RKROTA RKROTA

SIZE 0.016 0.012 0.012 0.009 0.014 0.010

(-1.455) (-1.261) (-1.209) (-0.930) (-1.324) (-0.921)

MVBV -0.008** -0.008* -0.008* -0.009* -0.008* -0.009*

(-2.086) (-1.738) (-1.871) (-1.907) (-1.748) (-1.901)

LEVERAGE -0.003 0.001 -0.003 0.001 -0.001 0

(-0.900) (-0.162) (-0.609) (-0.197) (-0.208) (-0.038)

ROA 0.133*** 0.127*** 0.131*** 0.126*** 0.132*** 0.130***

(-16.051) (-18.382) (-17.644) (-18.220) (-17.316) (-17.382)

Q 0.020*** 0.021*** 0.018** 0.021*** 0.019** 0.018**

(-2.594) (-3.037) (-2.538) (-3.004) (-2.499) (-2.389)

CAPEX -0.068*** -0.062*** -0.070*** -0.063*** -0.069*** -0.070***

(-9.311) (-8.956) (-10.211) (-9.091) (-9.328) (-9.505)
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Table 4.4 – continued

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

RKROTA RKROTA RKROTA RKROTA RKROTA RKROTA

MARKET RETURN -0.001 -0.009 0 -0.008 -0.005 -0.004

(-0.157) (-1.358) (-0.067) (-1.146) (-0.784) (-0.620)

MARKET STD -0.028*** -0.021** -0.024*** -0.019** -0.027*** -0.023***

(-3.468) (-2.541) (-3.148) (-2.295) (-3.083) (-2.707)

SOCIAL CAPITAL -0.002 -0.001 -0.002 -0.001 -0.003 -0.003

(-0.413) (-0.255) (-0.446) (-0.269) (-0.624) (-0.761)

BOARD SIZE 0 -0.002 -0.002 -0.003 0 -0.001

(-0.001) (-0.398) (-0.335) (-0.550) (-0.054) (-0.224)

BOARD DIVERSITY -0.003 0.003 -0.003 0.003 -0.003 -0.004

(-0.466) (-0.630) (-0.543) (-0.488) (-0.490) (-0.676)

BOARD -
COMPENSATION -
COMMITTEE

-0.002 -0.003 -0.002 -0.003 -0.004 -0.004

(-0.488) (-0.682) (-0.528) (-0.651) (-0.935) (-0.967)

BOARD AUDIT -
COMMITTEE

0 0.003 0 0.002 0.004 0.004

(-0.009) (-0.682) (-0.056) (-0.604) (-0.857) (-0.844)

BOARD INDEPENDENCE -0.008 -0.008 -0.009* -0.009* -0.009 -0.010*

(-1.403) (-1.624) (-1.829) (-1.723) (-1.642) (-1.733)

NUM OF ANALYSTS 0.001 0.001 0.001 0.001 0 0

(-0.245) (-0.247) (-0.253) (-0.275) (-0.083) (-0.018)

ESG RATING 0 0 0 0 0 0

(-0.237) (-0.079) (-0.308) (-0.023) (-0.118) (-0.191)

S&P CATEGORY 0.065*** 0.074*** 0.065*** 0.073*** 0.072*** 0.071***

(-4.978) (-6.067) (-5.379) (-5.997) (-5.604) (-5.510)

LOG CEO AGE -0.003 -0.003 -0.001 -0.001

(-0.519) (-0.575) (-0.186) (-0.192)

LOG CEO TENURE 0 0.002 0.002 0.004

(-0.053) (-0.376) (-0.347) (-0.675)

LOG CEO HORIZON -0.005 -0.005 -0.006 -0.008

(-0.860) (-0.874) (-0.936) (-1.138)

CEO GENDER 0.152 0.171 0.016 0.017

(0.720) (0.083) (0.251) (0.612)

LOG CEO DELTA 0.009 0.007 -0.018* -0.018*

(-1.118) (-0.978) (-1.695) (-1.699)

LOG CEO VEGA -0.007 -0.008* -0.008 -0.009

(-1.552) (-1.800) (-0.999) (-1.126)

CEO POWER 0.018 0.017 0.001 0

(-0.682) (-0.732) (-0.053) (-0.015)

LOG CFO AGE -0.011* -0.009 -0.013* -0.010

(-1.695) (-1.265) (-1.770) (-1.281)

LOG CFO TENURE 0.004 0.004 0.002 0.002

(-0.630) (-0.643) (-0.267) (-0.323)

LOG CFO HORIZON 0.004 0.005 0.011** 0.010**

(-1.140) (-1.228) (-2.430) (-2.389)

CFO GENDER 0.177 0.184 0.166 0.176

(0.712) (0.738) (0.631) (0.688)

LOG CFO DELTA 0.033*** 0.031*** 0.044*** 0.043***

(-4.979) (-4.694) (-4.457) (-4.292)

LOG CFO VEGA -0.007 -0.008* -0.003 -0.004

(-1.534) (-1.761) (-0.339) (-0.466)

CFO POWER -0.012 -0.013 -0.011 -0.010

(-0.264) (-0.292) (-0.235) (-0.225)
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Table 4.4 – continued

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

RKROTA RKROTA RKROTA RKROTA RKROTA RKROTA

INS LOG(1+CEO RELA -
DEBT)

-0.064*** -0.038

(-3.255) (-1.094)

INS LOG(1+CFO RELA -
DEBT)

-0.054*** -0.032

(-2.736) (-0.980)

INS LOG(1+CEO RELA -
INCEN)

-0.057** -0.026

(-2.512) (-0.751)

INS LOG(1+CFO RELA -
INCEN)

-0.059** -0.045

(-2.559) (-1.279)

Industry Fixed Effects Y Y Y Y Y Y

Year Fixed Effects Y Y Y Y Y Y

Cluster Y Y Y Y Y Y

Observations 2,217 2,134 2,217 2,134 1,933 1,933

R-squared 0.574 0.587 0.580 0.584 0.587 0.588

Cragg Donald Wald F stat 25.290 27.683 22.278 20.683 12.642 12.642

Critical Value (10%) 10.27 10.27 10.27 10.27 10.27 10.27

t-statistics in parentheses. Standard errors clustered at firm level.

*, **, *** indicate significance at the 10%, 5%, and 1% levels.
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Table 4.5: Results of Changes in Variables for CEO and CFO Inside Debt
on Intangible Intensity

This table reports the estimation results of the quantile regression results of change-in-
variable model in Eq. (4.19),Eq. (4.20) and Eq. (4.21). Panel A reports the results
of median regression which is quantile regression with quantile of 50%. Panel B re-
ports the results of quantile regression with quantile of 25%. Panel C reports the re-
sults of quantile regression with quantile of 75%. This table only reports the parame-
ter and t-statistics of variables of interest. The measures of first difference of intangi-
ble intensity along time period is d RKROTA. See Section 4.3.2 for a detailed descrip-
tion of the intangible intensity measures. The measurements for CEO and CFO inside
debt holdings are: d LOG(1 + CEO RELA DEBT ) and d LOG(1 + CEO RELA DEBT )
are the first difference of logarithm of one plus relative CEO- and CFO-debt-ratio.
d LOG(1 + CEO RELA INCEN ) and d LOG(1 + CEO RELA INCEN ) are the first dif-
ference of the logarithm of one plus relative CEO- and CFO-incentive-ratio. See Sec-
tion 4.3.3 for a detailed description of the instrumental variables. Columns (1)–(2)
report the estimation results for models with either LOG(1 + CEO RELA DEBT ) or
LOG(1 + CFO RELA DEBT ), and column (5) with both included. Columns (3)–(4)
report the estimation results for models with either LOG(1 + CEO RELA INCEN ) or
LOG(1 + CFO RELA INCEN ), and column (6) with both included. Year fixed and in-
dustry fixed effects are included. t-statistics are reported in parentheses. *, **, and ***
indicate statistical significance at the 10%, 5%, and 1%, respectively.

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

d RKROTA d RKROTA d RKROTA d RKROTA d RKROTA d RKROTA

Panel A: Median Regression

d LOG(1 + CEO RELA DEBT ) -0.007** -0.008*
(-2.126) (-1.688)

d LOG(1 + CFO RELA DEBT ) -0.001 0.001
(-0.620) (0.293)

d LOG(1 + CEO RELA INCEN ) -0.008** -0.009
(-2.049) (-1.645)

d LOG(1 + CFO RELA INCEN ) -0.002 0.001
(-0.718) (0.228)

Industry Fixed Effects Y Y Y Y Y Y
Year Fixed Effects Y Y Y Y Y Y
Observations 3243 3243 3243 3243 3243 3243

Panel B: 25% Regression

d LOG(1 + CEO RELA DEBT ) -0.008 -0.011
(-1.082) (-1.946)

d LOG(1 + CFO RELA DEBT ) 0.005 0.005
(1.092) (1.156)

d LOG(1 + CEO RELA INCEN ) -0.008 -0.012
(-1.080) (-1.636)

d LOG(1 + CFO RELA INCEN ) 0.001 0.004
(0.334) (1.034)

Industry Fixed Effects Y Y Y Y Y Y
Year Fixed Effects Y Y Y Y Y Y
Observations 3243 3243 3243 3243 3243 3243

Panel C: 75% Regression

d LOG(1 + CEO RELA DEBT ) -0.010** -0.010**
(-2.238) (-2.011)

d LOG(1 + CFO RELA DEBT ) 0.001 0.001
(0.161) (0.410)

d LOG(1 + CEO RELA INCEN ) -0.011 -0.008
(-1.973) (-1.509)

d LOG(1 + CFO RELA INCEN ) 0 0.002
(0.054) (0.473)

Industry Fixed Effects Y Y Y Y Y Y
Year Fixed Effects Y Y Y Y Y Y
Observations 3243 3243 3243 3243 3243 3243
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Table 4.6: Robustness of CEO and CFO Inside Debt to Intangible Intensity

This table reports the estimation results of the robustness test of baseline regres-
sion model in Eq. (4.13). The measures of intangible intensity is RKROTAYR.
RKROTAYR is the relative rank of ADJROTA defined in 4.3.2 over each year in-
stead of the whold sample. Control variables include SIZE , the natural logarithm
of total assets; MVBV , the market-to-book ratio; LEVERAGE , the ratio of total li-
abilities to total equity; ROA, the return on assets; Q , Tobin’s Q; and CAPEX , the
ratio of capital expenditures to total assets; MARKET RETURN , the average mar-
ket stock return; MARKET STD , the standard deviation of the market’s annual re-
turns. CEO- and CFO-specific characteristics are also included: CEO POWER and
CFO POWER are dummy for CEO or CFO being powerful in the board; CEO AGE
and CFO AGE are the age of the CEO and CFO; CEO TENURE and CFO TENURE
are their firm tenure; LOG(CEO DELTA) and LOG(CFO DELTA) are the logarithm
of option delta; LOG(CEO VEGA) and LOG(CFO VEGA) are the logarithm of op-
tion vega; CEO GENDER and CFO GENDER are indicator variables equal to 1 if
the CEO or CFO is female and 0 otherwise. Governance and external control vari-
ables include CEO HORIZON and CFO HORIZON , defined as the expected number
of years until the CEO or CFO reaches the age of 65; BOARD AUDIT COMMITTEE
and BOARD COMPENSATION COMMITTEE , indicator variables for the existence
of board audit and compensation committees; BOARD DIVERSITY , the proportion
of female directors; BOARD INDEPENDENCE , the proportion of independent direc-
tors; BOARD SIZE , the total number of directors; SOCIAL CAPITAL, the number
of external board members; NUM OF ANALYSTS , the number of analysts following;
ESG RATING , the firm’s ESG score; and S&P CATEGORY , an indicator equal to 1
if the firm has an investment-grade rating (BBB− or above) and 0 otherwise. The mea-
surements for CEO and CFO inside debt holdings are: LOG(1 + CEO RELA DEBT )
and LOG(1 + CEO RELA DEBT ) are the logarithm of one plus relative CEO- and
CFO-debt-ratio. LOG(1 + CEO RELA INCEN ) and LOG(1 + CEO RELA INCEN )
are the logarithm of one plus relative CEO- and CFO-incentive-ratio. See Section 4.3.1
for a detailed description of the inside debt holding measures. Columns (1)–(2) re-
port the estimation results for models with either LOG(1 + CEO RELA DEBT ) or
LOG(1 + CFO RELA DEBT ), and column (5) with both included. Columns (3)–(4)
report the estimation results for models with either LOG(1 + CEO RELA INCEN ) or
LOG(1 + CFO RELA INCEN ), and column (6) with both included. Year fixed and
industry fixed effects are included. Standard errors are clustered at the firm level. t-
statistics are reported in parentheses. *, **, and *** indicate statistical significance at
the 10%, 5%, and 1%, respectively.

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

RKROTAYR RKROTAYR RKROTAYR RKROTAYR RKROTAYR RKROTAYR

SIZE 0.012 0.007 0.011 0.006 0.009 0.008

(0.719) (0.449) (0.671) (0.405) (0.526) (0.472)

MVBV -0.006 -0.006 -0.006 -0.007 -0.007 -0.007

(-1.418) (-1.299) (-1.423) (-1.333) (-1.371) (-1.384)

LEVERAGE -0.001 0.001 -0.001 0.001 0 0

(-0.464) (0.295) (-0.448) (0.290) (0.005) (0.017)

ROA 0.118*** 0.116*** 0.118*** 0.116*** 0.117*** 0.117***

(10.671) (11.268) (10.636) (11.249) (10.894) (10.845)

Q 0.019* 0.020** 0.019* 0.020** 0.018* 0.018*

(1.777) (2.051) (1.748) (2.049) (1.729) (1.701)

CAPEX -0.073*** -0.070*** -0.073*** -0.070*** -0.074*** -0.074***

(-7.292) (-7.449) (-7.322) (-7.478) (-7.255) (-7.290)

MARKET RETURN 0.001 -0.006 0.001 -0.006 -0.003 -0.003

(0.102) (-0.884) (0.138) (-0.839) (-0.414) (-0.364)

MARKET STD -0.023*** -0.018** -0.022** -0.018** -0.023** -0.022**

(-2.612) (-2.052) (-2.530) (-2.008) (-2.425) (-2.337)

SOCIAL CAPITAL -0.005 -0.002 -0.005 -0.002 -0.004 -0.004

(-0.881) (-0.326) (-0.864) (-0.329) (-0.740) (-0.754)

BOARD SIZE -0.007 -0.008 -0.007 -0.008 -0.007 -0.008

(-0.899) (-0.995) (-0.934) (-1.014) (-0.881) (-0.913)

BOARD DIVERSITY -0.005 0.004 -0.005 0.003 -0.003 -0.003
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Table 4.6 – continued

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

RKROTAYR RKROTAYR RKROTAYR RKROTAYR RKROTAYR RKROTAYR

(-0.608) (0.470) (-0.603) (0.452) (-0.417) (-0.432)

BOARD -
COMPENSATION -
COMMITTEE

-0.002 -0.001 -0.002 -0.001 -0.002 -0.002

(-0.388) (-0.265) (-0.393) (-0.266) (-0.414) (-0.437)

BOARD AUDIT COMMITTEE 0.001 0.003 0.001 0.003 0.005 0.005

(0.317) (0.885) (0.335) (0.876) (0.998) (1.009)

BOARD INDEPENDENCE -0.011 -0.009 -0.011 -0.010 -0.012 -0.012

(-1.353) (-1.121) (-1.378) (-1.137) (-1.337) (-1.346)

NUM OF ANALYSTS 0.003 0.002 0.003 0.002 0.001 0.001

(0.528) (0.381) (0.527) (0.385) (0.178) (0.186)

ESG RATING 0 0 0 0 0 0

(-0.595) (-0.510) (-0.593) (-0.493) (-0.382) (-0.372)

S&P CATEGORY 0.062*** 0.072*** 0.062*** 0.072*** 0.071*** 0.071***

(2.834) (3.208) (2.844) (3.195) (3.087) (3.077)

LOG CEO AGE -0.008 -0.008 -0.006 -0.006

(-1.013) (-0.987) (-0.759) (-0.740)

LOG CEO TENURE 0.003 0.003 0.003 0.003

(0.362) (0.406) (0.272) (0.340)

LOG CEO HORIZON -0.005 -0.005 -0.004 -0.004

(-0.500) (-0.496) (-0.415) (-0.444)

CEO GENDER 0.009 0.008 -0.021 -0.021

(0.714) (0.664) (-1.249) (-1.252)

LOG CEO DELTA -0.010* -0.010* -0.01 -0.01

(-1.828) (-1.869) (-0.962) (-0.980)

LOG CEO VEGA 0.014 0.014 -0.005 -0.005

(0.508) (0.503) (-0.175) (-0.184)

CEO POWER 0.013 0.013 -0.006 -0.007

(0.483) (0.478) (-0.219) (-0.226)

LOG CFO AGE -0.020** -0.019** -0.019** -0.019*

(-2.095) (-2.047) (-1.989) (-1.915)

LOG CFO TENURE 0 0 -0.003 -0.003

(0.012) (0.018) (-0.329) (-0.318)

LOG CFO HORIZON 0.005 0.005 0.011** 0.011**

(0.959) (0.971) (2.151) (2.136)

CFO GENDER 0.027 0.029 0.025 0.027

(1.133) (1.215) (0.717) (0.774)

LOG CFO DELTA 0.035*** 0.035*** 0.047*** 0.047***

(3.886) (3.844) (3.699) (3.645)

LOG CFO VEGA -0.010* -0.010* -0.003 -0.003

(-1.800) (-1.842) (-0.298) (-0.315)

CFO POWER -0.016 -0.016 -0.010 -0.010

(-0.455) (-0.458) (-0.256) (-0.254)

LOG(1 + CEO RELA DEBT) -0.017** -0.016**

(-2.483) (-2.028)

LOG(1 + CFO RELA DEBT) -0.012* -0.002

(-1.837) (-0.311)

LOG(1 + CEO RELA INCEN ) -0.018** -0.014*

(-2.550) (-1.818)

LOG(1 + CFO RELA INCEN ) -0.013** -0.005

(-2.045) (-0.729)

Industry Fixed Effects Y Y Y Y Y Y

Year Fixed Effects Y Y Y Y Y Y

Cluster Y Y Y Y Y Y

Observations 2,311 2,229 2,311 2,229 2,019 2,019

R-squared 0.600 0.610 0.601 0.611 0.616 0.617

t-statistics in parentheses. Standard errors clustered at firm level.
*, **, *** indicate significance at the 10%, 5%, and 1% levels.

187



4.6. TABLES

Table 4.7: Stage II Instrumental Variable Methods for Robustness Tests

This table reports the estimation results of robustness tests of the second stage re-
gression model in Eq. (4.16),Eq. (4.17) and Eq. (4.18). The measures of intangible
intensity is RKROTAYR. RKROTAYR is the relative rank of ADJROTA defined in
4.3.2 over each year instead of the whold sample. for a detailed description of the
intangible intensity measures. Control variables include SIZE , the natural logarithm
of total assets; MVBV , the market-to-book ratio; LEVERAGE , the ratio of total li-
abilities to total equity; ROA, the return on assets; Q , Tobin’s Q; and CAPEX , the
ratio of capital expenditures to total assets; MARKET RETURN , the average mar-
ket stock return; MARKET STD , the standard deviation of the market’s annual re-
turns. CEO- and CFO-specific characteristics are also included: CEO POWER and
CFO POWER are dummy for CEO or CFO being powerful in the board; CEO AGE
and CFO AGE are the age of the CEO and CFO; CEO TENURE and CFO TENURE
are their firm tenure; LOG(CEO DELTA) and LOG(CFO DELTA) are the logarithm
of option delta; LOG(CEO VEGA) and LOG(CFO VEGA) are the logarithm of op-
tion vega; CEO GENDER and CFO GENDER are indicator variables equal to 1 if
the CEO or CFO is female and 0 otherwise. Governance and external control vari-
ables include CEO HORIZON and CFO HORIZON , defined as the expected number
of years until the CEO or CFO reaches the age of 65; BOARD AUDIT COMMITTEE
and BOARD COMPENSATION COMMITTEE , indicator variables for the existence
of board audit and compensation committees; BOARD DIVERSITY , the proportion
of female directors; BOARD INDEPENDENCE , the proportion of independent direc-
tors; BOARD SIZE , the total number of directors; SOCIAL CAPITAL, the number
of external board members; NUM OF ANALYSTS , the number of analysts following;
ESG RATING , the firm’s ESG score; and S&P CATEGORY , an indicator equal to 1 if
the firm has an investment-grade rating (BBB− or above) and 0 otherwise. The measure-
ments for CEO and CFO inside debt holdings are: INS LOG(1 + CEO RELA DEBT )
and INS LOG(1 + CEO RELA DEBT ) are the estimated measurement using in-
strumental variables of logarithm of one plus relative CEO- and CFO-debt-ratio.
INS LOG(1 + CEO RELA INCEN ) and INS LOG(1 + CEO RELA INCEN ) are the
estimated measurement using instrumental variables of the logarithm of one plus rela-
tive CEO- and CFO-incentive-ratio. See Section 4.3.3 for a detailed description of the
instrumental variables. Columns (1)–(2) report the estimation results for models with
either LOG(1 + CEO RELA DEBT ) or LOG(1 + CFO RELA DEBT ), and column
(5) with both included. Columns (3)–(4) report the estimation results for models with
either LOG(1 + CEO RELA INCEN ) or LOG(1 + CFO RELA INCEN ), and column
(6) with both included. Year fixed and industry fixed effects are included. Standard
errors are clustered at the firm level. t-statistics are reported in parentheses. *, **, and
*** indicate statistical significance at the 10%, 5%, and 1%, respectively.

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

RKROTAYR RKROTAYR RKROTAYR RKROTAYR RKROTAYR RKROTAYR

SIZE 0.018* 0.014 0.014 0.011 0.016 0.011

(1.744) (1.411) (1.366) (1.068) (1.439) (1.037)

MVBV -0.007* -0.008* -0.007* -0.008* -0.008* -0.008*

(-1.661) (-1.660) (-1.699) (-1.834) (-1.649) (-1.802)

LEVERAGE -0.004 0 -0.004 0 -0.002 -0.001

(-1.015) (-0.059) (-0.833) (-0.020) (-0.421) (-0.254)

ROA 0.136*** 0.130*** 0.134*** 0.129*** 0.135*** 0.133***

(17.733) (18.511) (17.742) (18.345) (17.414) (17.489)

Q 0.021*** 0.023*** 0.020*** 0.023*** 0.020*** 0.019**

(2.888) (3.306) (2.705) (3.267) (2.684) (2.575)

CAPEX -0.072*** -0.067*** -0.073*** -0.067*** -0.072*** -0.073***

(-10.275) (-9.388) (-10.564) (-9.540) (-9.695) (-9.885)

MARKET RETURN -0.001 -0.009 0 -0.008 -0.005 -0.004

(-0.157) (-1.358) (-0.067) (-1.146) (-0.784) (-0.620)

MARKET STD -0.028*** -0.021** -0.024*** -0.019** -0.027*** -0.023***

(-3.468) (-2.541) (-3.148) (-2.295) (-3.083) (-2.707)

SOCIAL CAPITAL -0.003 -0.002 -0.003 -0.002 -0.004 -0.005

(-0.710) (-0.550) (-0.732) (-0.562) (-0.895) (-1.025)

Continued on next page
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Table 4.7 – continued

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

RKROTAYR RKROTAYR RKROTAYR RKROTAYR RKROTAYR RKROTAYR

BOARD SIZE -0.001 -0.003 -0.002 -0.004 0 -0.002

(-0.096) (-0.547) (-0.433) (-0.714) (-0.053) (-0.334)

BOARD DIVERSITY -0.002 0.004 -0.003 0.003 -0.003 -0.004

(-0.403) (0.665) (-0.471) (0.520) (-0.468) (-0.650)

BOARD COMPENSATION -
COMMITTEE

-0.003 -0.004 -0.003 -0.004 -0.005 -0.005

(-0.762) (-0.925) (-0.705) (-0.883) (-1.096) (-1.121)

BOARD INDEPENDENCE -0.008 -0.008 -0.009* -0.009* -0.008 -0.009

(-1.498) (-1.614) (-1.726) (-1.722) (-1.520) (-1.614)

BOARD AUDIT COMMITTEE 0 0.003 0 0.002 0.004 0.004

(0.073) (0.657) (0.121) (0.578) (0.851) (0.839)

NUM OF ANALYSTS 0.002 0.003 0.002 0.003 0.001 0.001

(0.485) (0.539) (0.504) (0.564) (0.145) (0.205)

ESG RATING 0 0 0 0 0 0

(-0.392) (0.003) (-0.449) (0.097) (0.080) (0.145)

S&P CATEGORY 0.066*** 0.075*** 0.066*** 0.074*** 0.074*** 0.073***

(5.355) (6.066) (5.387) (5.998) (5.630) (5.544)

LOG CEO AGE -0.003 -0.003 -0.001 -0.001

(-0.553) (-0.579) (-0.204) (-0.209)

LOG CEO TENURE 0 0.002 0.002 0.004

(-0.012) (0.309) (0.268) (0.586)

CEO HORIZON -0.004 -0.004 -0.006 -0.008

(-0.747) (-0.756) (-0.869) (-1.060)

CEO GENDER 0.152 0.171 0.016 0.017

(0.720) (0.083) (0.251) (0.612)

LOG CEO DELTA 0.007 0.006 -0.020* -0.020*

(1.020) (0.809) (-1.806) (-1.817)

LOG CEO VEGA -0.007 -0.009* -0.008 -0.009

(-1.610) (-1.923) (-0.984) (-1.112)

CEO POWER 0.017 0.016 0.001 -0.001

(0.714) (0.675) (0.039) (-0.030)

LOG CFO AGE -0.011* -0.009 -0.013* -0.01

(-1.657) (-1.242) (-1.760) (-1.290)

LOG CFO TENURE 0.003 0.003 0 0

(0.485) (0.495) (-0.041) (0.008)

CFO HORIZON 0.005 0.005 0.012*** 0.011**

(1.234) (1.324) (2.592) (2.556)

CFO GENDER 0.12 0.123 0.11 0.117

(0.486) (0.498) (0.446) (0.478)

LOG CFO DELTA 0.032*** 0.031*** 0.044*** 0.043***

(4.758) (4.480) (4.384) (4.223)

LOG CFO VEGA -0.008 -0.009* -0.003 -0.004

(-1.636) (-1.872) (-0.404) (-0.530)

CFO POWER -0.002 -0.003 -0.003 -0.003

(-0.036) (-0.065) (-0.069) (-0.060)

INS LOG(1+CEO RELA -
DEBT)

-0.066*** -0.04

(-3.053) (-1.132)

INS LOG(1+CFO RELA -
DEBT)

-0.057*** -0.032

(-2.826) (-0.958)

INS LOG(1+CEO RELA -
INCEN)

-0.059** -0.029

(-2.562) (-0.806)

INS LOG(1+CFO RELA -
INCEN)

-0.061*** -0.044

(-2.616) (-1.232)

Industry Fixed Effects Y Y Y Y Y Y

Year Fixed Effects Y Y Y Y Y Y

Cluster Y Y Y Y Y Y

Observations 2,217 2,134 2,217 2,134 1,933 1,933

R-squared 0.573 0.586 0.579 0.585 0.586 0.588

Cragg Donald Wald F stat 25.310 27.648 22.118 20.385 11.972 11.973

Critical Value (10%) 10.27 10.27 10.27 10.27 10.27 10.27

t-statistics in parentheses. Standard errors clustered at firm level.
*, **, *** indicate significance at the 10%, 5%, and 1% levels.
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Table 4.8: Robustness Test: Results of Changes in Variables for CEO and
CFO Inside Debt on Intangible Intensity

This table reports the estimation results of the quantile regression results of robustness test
of change-in-variable model in Eq. (4.19), Eq. (4.20) and Eq. (4.21). The measures of
intangible intensity is RKROTAYR. RKROTAYR is the relative rank of ADJROTA de-
fined in 4.3.2, and dependent variable d RKROTAYR is the first difference of RKROTAYR.
Panel A reports the results of median regression which is quantile regression with quantile
of 50%. Panel B reports the results of quantile regression with quantile of 25%. Panel
C reports the results of quantile regression with quantile of 75%. This table only reports
the parameter and t-statistics of variables of interest. The measures of first difference of
intangible intensity along time period is d RKROTA. See Section 4.3.2 for a detailed de-
scription of the intangible intensity measures. The measurements for CEO and CFO inside
debt holdings are: d LOG(1 + CEO RELA DEBT ) and d LOG(1 + CEO RELA DEBT )
are the first difference of logarithm of one plus relative CEO- and CFO-debt-ratio.
d LOG(1 + CEO RELA INCEN ) and d LOG(1 + CEO RELA INCEN ) are the first dif-
ference of the logarithm of one plus relative CEO- and CFO-incentive-ratio. See Sec-
tion 4.3.3 for a detailed description of the instrumental variables. Columns (1)–(2)
report the estimation results for models with either LOG(1 + CEO RELA DEBT ) or
LOG(1 + CFO RELA DEBT ), and column (5) with both included. Columns (3)–(4)
report the estimation results for models with either LOG(1 + CEO RELA INCEN ) or
LOG(1 + CFO RELA INCEN ), and column (6) with both included. Year fixed and in-
dustry fixed effects are included. t-statistics are reported in parentheses. *, **, and ***
indicate statistical significance at the 10%, 5%, and 1%, respectively.
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(1) (2) (3) (4) (5) (6)

d RKROTAYR d RKROTAYR d RKROTAYR d RKROTAYR d RKROTAYR d RKROTAYR

Panel A: Median Regression

d LOG(1 + CEO RELA DEBT ) -0.008* -0.008**

(-3.056) (-3.017)

d LOG(1 + CFO RELA DEBT ) -0.003 0

(-1.054) (0.081)

d LOG(1 + CEO RELA INCEN ) -0.009* -0.009**

(-2.396) (-2.534)

d LOG(1 + CFO RELA INCEN ) -0.004 0.000

(-1.410) (0.106)

Industry Fixed Effects Y Y Y Y Y Y

Year Fixed Effects Y Y Y Y Y Y

Observations 3243 3243 3243 3243 3243 3243

Panel B: 25% Regression

d LOG(1 + CEO RELA DEBT ) -0.001 -0.005

(-0.243) (-0.729)

d LOG(1 + CFO RELA DEBT ) 0.005* 0.006*

(1.688) (1.700)

d LOG(1 + CEO RELA INCEN ) -0.004 -0.007

(-0.728) (-1.066)

d LOG(1 + CFO RELA INCEN ) 0.005 0.007*

(1.529) (1.691)

Industry Fixed Effects Y Y Y Y Y Y

Year Fixed Effects Y Y Y Y Y Y

Observations 3243 3243 3243 3243 3243 3243

Panel C: 75% Regression

d LOG(1 + CEO RELA DEBT ) -0.007 -0.009

(-1.141) -(-1.365)

d LOG(1 + CFO RELA DEBT ) 0.001 0.004

(0.203) (0.850)

d LOG(1 + CEO RELA INCEN ) -0.011 -0.011

(-1.433) (-1.380)

d LOG(1 + CFO RELA INCEN ) -0.002 0.004

(-0.424) (0.817)

Industry Fixed Effects Y Y Y Y Y Y

Year Fixed Effects Y Y Y Y Y Y

Observations 3243 3243 3243 3243 3243 3243
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Table 4.9: Robustness of CEO and CFO Inside Debt to Bid-Ask Spread

This table reports the estimation results of the robustness test of baseline regression
model in Eq. (4.13). The measures of credit spread is SPREAD . SPREAD is the
relative rank of ADJROTA defined in 4.3.2 over each year instead of the whold sam-
ple. Control variables include SIZE , the natural logarithm of total assets; MVBV ,
the market-to-book ratio; LEVERAGE , the ratio of total liabilities to total equity;
ROA, the return on assets; Q , Tobin’s Q; and CAPEX , the ratio of capital ex-
penditures to total assets; MARKET RETURN , the average market stock return;
MARKET STD , the standard deviation of the market’s annual returns. CEO- and
CFO-specific characteristics are also included: CEO POWER and CFO POWER are
dummy for CEO or CFO being powerful in the board; CEO AGE and CFO AGE
are the age of the CEO and CFO; CEO TENURE and CFO TENURE are their
firm tenure; LOG(CEO DELTA) and LOG(CFO DELTA) are the logarithm of op-
tion delta; LOG(CEO VEGA) and LOG(CFO VEGA) are the logarithm of option
vega; CEO GENDER and CFO GENDER are indicator variables equal to 1 if the
CEO or CFO is female and 0 otherwise. Governance and external control variables
include CEO HORIZON and CFO HORIZON , defined as the expected number of
years until the CEO or CFO reaches the age of 65; BOARD AUDIT COMMITTEE
and BOARD COMPENSATION COMMITTEE , indicator variables for the existence
of board audit and compensation committees; BOARD DIVERSITY , the proportion
of female directors; BOARD INDEPENDENCE , the proportion of independent direc-
tors; BOARD SIZE , the total number of directors; SOCIAL CAPITAL, the number
of external board members; NUM OF ANALYSTS , the number of analysts following;
ESG RATING , the firm’s ESG score; and S&P CATEGORY , an indicator equal to 1
if the firm has an investment-grade rating (BBB− or above) and 0 otherwise. The mea-
surements for CEO and CFO inside debt holdings are: LOG(1 + CEO RELA DEBT )
and LOG(1 + CEO RELA DEBT ) are the logarithm of one plus relative CEO- and
CFO-debt-ratio. LOG(1 + CEO RELA INCEN ) and LOG(1 + CEO RELA INCEN )
are the logarithm of one plus relative CEO- and CFO-incentive-ratio. See Section 4.3.1
for a detailed description of the inside debt holding measures. Columns (1)–(2) re-
port the estimation results for models with either LOG(1 + CEO RELA DEBT ) or
LOG(1 + CFO RELA DEBT ), and column (5) with both included. Columns (3)–(4)
report the estimation results for models with either LOG(1 + CEO RELA INCEN ) or
LOG(1 + CFO RELA INCEN ), and column (6) with both included. Year fixed and
industry fixed effects are included. Standard errors are clustered at the firm level. t-
statistics are reported in parentheses. *, **, and *** indicate statistical significance at
the 10%, 5%, and 1%, respectively.

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

SPREAD SPREAD SPREAD SPREAD SPREAD SPREAD

SIZE -0.221*** -0.238*** -0.222*** -0.239*** -0.227*** -0.228***

(-11.337) (-6.407) (-5.552) (-6.422) (-5.383) (-5.421)

MVBV -0.014* -0.014* -0.014* -0.014* -0.013 -0.014

(-1.690) (-1.836) (-1.755) (-1.873) (-1.487) (-1.529)

LEVERAGE 0.019** 0.015 0.019 0.015 0.016 0.016

(2.364) (0.985) (1.563) (0.984) (0.917) (0.919)

ROA -0.088*** -0.072*** -0.088*** -0.072*** -0.073*** -0.073***

(-7.265) (-2.912) (-3.514) (-2.914) (-3.214) (-3.187)

Q -0.021 -0.025 -0.021 -0.025 -0.024 -0.024

(-1.493) (-0.994) (-0.809) (-0.994) (-0.999) (-1.010)

CAPEX -0.012 -0.022 -0.012 -0.022 -0.022 -0.022

(-0.875) (-1.138) (-0.569) (-1.150) (-1.132) (-1.155)

MARKET RETURN -0.032*** -0.027*** -0.031*** -0.027*** -0.019* -0.019*

(-3.971) (-2.681) (-3.592) (-2.666) (-1.885) (-1.864)

Continued on next page
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Table 4.9 – continued

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

SPREAD SPREAD SPREAD SPREAD SPREAD SPREAD

MARKET STD 0.053*** 0.050*** 0.052*** 0.049*** 0.038** 0.036*

(3.464) (3.202) (3.377) (3.089) (2.021) (1.898)

SOCIAL CAPITAL -0.01 -0.017 -0.01 -0.017 -0.016 -0.016

(-1.254) (-1.540) (-0.817) (-1.541) (-1.134) (-1.133)

BOARD SIZE 0.007 -0.001 0.007 -0.001 0.001 0.001

(0.710) (-0.058) (0.542) (-0.073) (0.053) (0.036)

BOARD DIVERSITY -0.020* -0.029** -0.02 -0.030** -0.030* -0.030*

(-1.918) (-2.111) (-1.317) (-2.119) (-1.701) (-1.709)

BOARD -
COMPENSATION -
COMMITTEE

0.008 0.01 0.008 0.01 0.008 0.008

(1.030) (0.864) (0.666) (0.864) (0.610) (0.611)

BOARD -
INDEPENDENCE

-0.018* -0.016 -0.018 -0.016 -0.017 -0.017

(-1.880) (-0.920) (-1.211) (-0.930) (-0.849) (-0.860)

BOARD AUDIT -
COMMITTEE

-0.004 -0.017 -0.004 -0.017 -0.006 -0.006

(-0.483) (-0.916) (-0.328) (-0.920) (-0.441) (-0.445)

NUM OF ANALYSTS 0.002 0.003 0.002 0.003 0.005 0.005

(0.167) (0.192) (0.107) (0.196) (0.360) (0.362)

ESG RATING 0 0.001 0 0.001 0.001 0.001

(0.688) (0.828) (0.419) (0.839) (0.644) (0.651)

S&P CATEGORY -0.067*** -0.072* -0.067 -0.072* -0.079 -0.079

(-2.758) (-1.850) (-1.638) (-1.853) (-1.547) (-1.551)

LOG CEO AGE 0.007 0.007 0.001 0.001

(0.619) (0.360) (0.033) (0.048)

LOG CEO TENURE 0.003 0.003 0.005 0.005

(0.259) (0.193) (0.246) (0.255)

LOG CEO HORIZON 0.001 0.002 -0.012 -0.012

(0.130) (0.077) (-0.441) (-0.450)

CEO GENDER -0.104** -0.104** -0.071 -0.071

(-2.256) (-2.017) (-1.441) (-1.449)

LOG CEO DELTA -0.074*** -0.075*** -0.047 -0.047

(-5.317) (-2.853) (-1.311) (-1.324)

LOG CEO VEGA 0.018** 0.018** -0.006 -0.006

(2.055) (2.122) (-0.673) (-0.666)

CEO POWER -0.106** -0.107** -0.076 -0.077

(-2.308) (-2.017) (-1.475) (-1.484)

LOG CFO AGE 0.018 0.019 0.014 0.015

(1.087) (1.119) (0.641) (0.668)

LOG CFO TENURE -0.002 -0.002 -0.006 -0.006

(-0.116) (-0.114) (-0.325) (-0.326)

LOG CFO HORIZON 0.007 0.008 0.007 0.007

(0.622) (0.632) (0.532) (0.544)

CFO GENDER 0.005 0.007 0.576*** 0.573***

(0.046) (0.063) (12.900) (12.612)

LOG CFO DELTA -0.064*** -0.065*** -0.029 -0.029

(-2.688) (-2.710) (-0.983) (-0.998)

LOG CFO VEGA 0.027** 0.027** 0.031** 0.031**

(2.585) (2.551) (2.171) (2.135)

CFO POWER 0.023 0.023 0.039 0.039

(0.223) (0.221) (0.347) (0.343)

LOG(1+CEO RELA -
DEBT)

-0.016** -0.015*

Continued on next page
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Table 4.9 – continued

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

SPREAD SPREAD SPREAD SPREAD SPREAD SPREAD

(-2.472) (-1.942)

LOG(1+CFO RELA -
DEBT)

-0.012* -0.003

(-1.960) (-0.456)

LOG(1+CEO RELA -
INCEN)

-0.017** -0.013*

(-2.509) (-1.740)

LOG(1+CFO RELA -
INCEN)

-0.013** -0.006

(-2.130) (-0.830)

Industry Fixed Effects Y Y Y Y Y Y

Year Fixed Effects Y Y Y Y Y Y

Cluster Y Y Y Y Y Y

Observations 2,311 2,229 2,311 2,229 2,019 2,019

R-squared 0.496 0.498 0.496 0.498 0.501 0.501

t-statistics in parentheses. Standard errors clustered at firm level.

*, **, *** indicate significance at the 10%, 5%, and 1% levels.
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5.1. INTRODUCTION

5.1 Introduction

Political regulations play a significant role in shaping the business envi-

ronment for firms. Their influence stems not only from their impact on

the domestic economy but also from their direct effect on corporate op-

erations, such as varying tax regulations. Consequently, political regula-

tions wield considerable influence over corporate governance and financial

decision-making. Nonetheless, policy regulations are not always persistent,

particularly during extreme events and external shocks, such as the unex-

pected Brexit of the UK, the surprising election success of Donald Trump in

2016, and the COVID-19 pandemic. These events have heightened global

political and financial uncertainty, posing significant challenges for both

managers and investors. For instance, the announcement on October 27,

2011, of the proposed Greek debt haircut raised the S&P 500 index by 3.4%

and the French and German markets by over 5%, due to increased expecta-

tions of eurozone preservation. Market enthusiasm later fell when the Greek

prime minister suggested holding a referendum on the deal, and rebounded

when his opponent claimed the opposite. Such rapid market fluctuations

provide direct evidence of how political uncertainty can shift investor sen-

timent. These observations underscore that political uncertainty is not

merely episodic but systemic, with implications that transcend national

borders.

Such uncertainty often arises from unpredictable changes in political and

economic regulations, giving rise to the broader notion of Economic Policy

Uncertainty (EPU) that has since become central in empirical research.

While many illustrative cases originate in Europe, the underlying dynam-

ics are not confined to a single region. Similar patterns of policy-induced

market volatility and investor reactions can be observed in other major
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economies, especially the United States, where political shocks and abrupt

policy shifts have also generated significant financial turbulence. Pástor

and Veronesi (2013) notes that political uncertainty has had a significant

impact on the U.S. market, as evidenced by Standard & Poor’s citing it as

a major factor behind the downgrade of U.S. Treasury debt in August 2011.

Rapid changes in U.S. policy-making, particularly following the global fi-

nancial crisis of 2007–2008 and the surprising outcome of the 2016 U.S.

presidential election, have amplified uncertainty. These U.S. experiences

highlight that political shocks in large economies not only disrupt domestic

markets but also serve as a source of contagion for the global financial sys-

tem. Globalization further magnifies spillover effects: regional events, such

as U.S. elections, can propagate worldwide, affecting international stock

markets (Brogaard et al., 2020), while phenomena like the Arab Spring

and Brexit demonstrate similar cross-border consequences. This motivates

a growing literature that systematically explores the economic and financial

consequences of policy-related uncertainty.

The growing realization that political uncertainty operates as a global phe-

nomenon has prompted scholars to examine its economic manifestations

more rigorously. In particular, the concept of Economic Policy Uncertainty

(EPU) has emerged as a key framework for analyzing how uncertainty

shapes investment and financial decision-making. Specifically, studies show

that policy uncertainty discourages corporate investment because managers

delay irreversible projects when future conditions are unclear (Gulen and

Ion, 2016; Bernanke, 1983; Handley and Limao, 2015; Dixit and Pindyck,

1994; Marcus, 1981; Julio and Yook, 2012). At the international level,

higher policy uncertainty reduces foreign direct investment, while firms in-

crease their use of derivatives to hedge risks (Nguyen et al., 2018). EPU

also raises information asymmetry and unethical behavior, as private firms
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are more likely to evade taxes while state-owned firms may rely on bribery

(Afzali et al., 2021). Policy uncertainty also has a dampening effect on

M&A activities, as it reduces transaction volume, prolongs deal comple-

tion, and shifts payment structures from cash to stock (Nguyen and Phan,

2017). Similarly, dividend payout policies become more conservative under

political crises, with dividend-paying firms suspending distributions and

non-dividend firms delaying initiation (Huang et al., 2015). Policy uncer-

tainty also shapes financing choices: firms rely more heavily on bank loans

when public debt markets become less attractive (Ben-Nasr et al., 2020).

At the same time, banks themselves reduce lending in response to rising

EPU, especially those with higher risk profiles, though prudential regula-

tion can moderate this effect (Hu and Gong, 2019). Finally, firms respond

to heightened uncertainty by hoarding cash as a precautionary measure,

particularly in emerging economies (Demir and Ersan, 2017).

Because EPU varies at the country level, firm-level responses to policy

uncertainty often move in concert, producing market-wide co-movements.

Therefore, causal effects of policy uncertainty are observed globally on

macroeconomic outcomes, raising growing concerns. For example, policy

uncertainty has been shown to increase unemployment rates, as firms de-

lay hiring during periods of uncertainty (Shoag and Veuger, 2016; Bloom,

2009). It also reduces domestic output by discouraging investment and

consumption, leading to weaker economic activity (Jones and Olson, 2013).

Similarly, persistent policy uncertainty lowers the ratio of real capital to

GDP by depressing long-term capital formation and growth (Aizenman and

Marion, 1993). In financial markets, EPU elevates stock price crash risk, as

political events such as elections temporarily suppress negative news that

later resurfaces abruptly (Li et al., 2018).

Building on the observed firm- and macro-level consequences of EPU, it is
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essential to understand how these effects aggregate and propagate through

financial markets. Economic Policy Uncertainty (EPU) operates at the

national level, causing firm-level responses to synchronize and propagate

into broader market dynamics. At the firm level, heightened uncertainty

affects investment, financing, corporate control, dividend policies, and risk

management, while at the macro level it depresses output, capital forma-

tion, and employment. These synchronized micro- and macro-level adjust-

ments generate correlated exposures across the economy, amplifying market

volatility and systemic risk. Theoretical frameworks in asset pricing, such

as those by Pastor and Veronesi (2012) and Pástor and Veronesi (2013),

formalize this mechanism by modeling political risk as a systematic factor

that influences stock valuations and jump risk. In these models, the joint

effect of policy uncertainty across firms increases the likelihood of abrupt

market-wide movements, while investors demand compensation for bearing

this systematic risk. Such frameworks provide a structural explanation for

how EPU-induced firm and macro responses propagate through the finan-

cial system, affecting asset prices, volatility, and systemic risk.

At a more systematic level, predictable cycles in stock returns are ob-

served around presidential elections (Allvine and O’Neill, 1980; Santa-Clara

and Valkanov, 2003), with partisan effects on excess returns (Pastor and

Veronesi, 2012; Pástor and Veronesi, 2013) and stronger risk premia dur-

ing periods of high uncertainty (Li et al., 2016; Dzielinski, 2012). These

patterns indicate that policy uncertainty shapes both cross-sectional and

aggregate market outcomes, affecting expected returns, pricing of system-

atic risk, and investor behavior. Moreover, empirical evidence suggests

that EPU can influence asset allocation decisions, with investors adjust-

ing portfolios toward safer or hedged positions during periods of elevated

uncertainty, further reinforcing co-movement across stocks and amplifying
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market-level risk.

EPU also amplifies stock market volatility, with global spillovers transmit-

ting shocks across countries and industries. Evidence shows that volatility

responds sharply to uncertainty shocks (Liu and Zhang, 2015; Amengual

and Xiu, 2018; Mei et al., 2018; Boutchkova et al., 2012), displays dynamic

patterns across markets (Antonakakis et al., 2013), and is particularly pro-

nounced during crises such as the COVID-19 pandemic (Albulescu, 2021).

Cross-market and industry-level transmission of uncertainty has been doc-

umented (Su et al., 2019), highlighting the interconnectedness of modern

financial systems. These findings demonstrate that firm-level and macro-

level responses to policy uncertainty collectively generate systemic financial

risk, affecting not only asset pricing and volatility but also market liquidity,

hedging demand, and the synchronization of downside movements. Col-

lectively, these empirical observations validate the theoretical mechanisms

described by Pastor and Veronesi (2012) and Pástor and Veronesi (2013),

confirming that policy-driven uncertainty is not merely a local phenomenon

but a global determinant of market-wide risk and asset pricing dynamics.

Against this backdrop, it is crucial to clarify why this chapter emphasizes

systematic (aggregate) tail risk rather than firm-level stock price crash risk,

in contrast to other chapters of this study. Contemporary financial research

increasingly recognizes two distinct dimensions of extreme downside risk

exposure: systematic tail risk and firm-level crash risk. Although both

phenomena manifest as severe negative returns, their origins, transmission

mechanisms, and implications for financial stability differ fundamentally.

Systematic tail risk originates from macroeconomic or policy-driven shocks

with the potential to disrupt the entire financial system. These shocks

include global recessions, geopolitical crises, or liquidity spirals that simul-

taneously affect broad asset classes. For example, during the 2008 finan-
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cial crisis, correlated institutional failures created feedback loops in which

forced asset liquidations depressed asset prices, which in turn triggered ad-

ditional rounds of deleveraging across the banking sector. Similarly, the

COVID-19 market collapse of March 2020 illustrates how initially localized

selloffs escalated into an 18 trillion global equity rout as liquidity evapo-

rated across asset classes. These dynamics reflect the “fat tails” in market

return distributions and represent non-diversifiable systemic failures. By

contrast, firm-level crash risk arises from idiosyncratic vulnerabilities, par-

ticularly the concealment of negative information, which generates asym-

metric stock return distributions marked by frequent modest gains and

infrequent but severe losses. Unlike systematic shocks, these episodes tend

to be largely confined to the affected firm or sector.

Three key differences highlight the distinct economic nature of systematic

tail risk and stock price crash risk. First, scope and contagion. System-

atic tail risk affects the entire market because assets are correlated and

institutions are interconnected. For example, during the COVID-19 mar-

ket collapse in March 2020, what began as localized selloffs quickly turned

into an 18-trillion-dollar global equity decline as liquidity dried up across

asset classes. By definition, systematic tail risk is closely linked to systemic

crises. In a broad market crash, all stocks lose value, but those with higher

tail betas suffer more. During the 2008–09 financial crisis, high-tail-beta

stocks lost about two to three times as much as low-tail-beta stocks. In

contrast, stock price crash risk is mostly a firm-level phenomenon. Macroe-

conomic shocks, such as high inflation, sanctions, or other adverse trends,

can increase the likelihood of firm-specific crashes, for example by encour-

aging managers to hoard bad news. However, measures of crash risk (like

NCSKEW or DUVOL) mainly reflect residual, firm-specific variation, even

during market downturns.
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Second, diversifiability. Systematic tail risk cannot be easily reduced through

diversification, because it is embedded in market-wide exposures. Firm-

specific risks, including stock price crashes, tend to decrease when investors

hold diversified portfolios, since the risks are idiosyncratic.

Third, measurement. Systematic tail risk is typically measured using ex-

treme value techniques, tail beta calculations, or macroeconomic left-tail

quantile regressions, such as GDP growth tail quantiles. Stock price crash

risk, on the other hand, is measured with firm-level indicators, such as

negative skewness of returns or the probability of earnings restatements.

Systematic tail risk is directly affected by country-level economic condi-

tions, because macro shocks, like GDP contractions, financial crises, or

policy uncertainty, impact the entire market and increase the likelihood

and severity of extreme losses. Stock price crash risk is influenced by these

shocks only indirectly, to the extent that they change the environment in

which firm-specific bad news is released or concealed.

Building on these distinctions, the empirical analysis in this chapter relies

on country-level measures of systematic tail risk rather than firm-level crash

risk indicators. This choice is motivated by the macroeconomic nature of

the shocks under investigation. Economic policy uncertainty (EPU) op-

erates primarily through fiscal, monetary, and regulatory channels, and

its consequences unfold at the aggregate rather than firm-specific level

(Bloom, 2009). Consequently, firm-level crash risk, which is often driven

by governance failures or accounting irregularities, would introduce sub-

stantial idiosyncratic noise that obscures the policy-relevant transmission

of uncertainty. In contrast, country-level systematic tail risk captures non-

diversifiable downside exposure embedded in the entire market (Van Oordt

and Zhou, 2016), which aligns conceptually with the macro-level character

of EPU.
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While firm-level political risk measures provide useful insights into cross-

firm heterogeneity, they primarily reflect idiosyncratic shocks and do not

capture the aggregate, market-wide effects of policy uncertainty that this

chapter seeks to evaluate. Hassan et al. (2019) makes an important contri-

bution by constructing the first firm-level political risk series from earnings-

call transcripts, they also find that the average of their measure closely

tracks the Economic Policy Uncertainty (EPU) measurement BBD index

introduced by Baker et al. (2016), and concludes that the main advantage

of firm-level data is in showing heterogeneity across firms and sectors. Since

this study does not aim to explain why some firms are more vulnerable than

others, but instead to evaluate how overall uncertainty affects financial sys-

tem stability, the fact that firm-level averages converge to the BBD index

is decisive. It shows that national EPU already captures the systematic

policy uncertainty that matters for aggregate financial outcomes. Using

firm-level measures here would mainly add idiosyncratic noise instead of

improving the identification of systemic tail risk.

Moreover, country-level indicators enhance comparability across economies

by mitigating firm-specific measurement biases related to disclosure stan-

dards or data availability. By focusing on aggregate tail risk, the analysis

ensures that the results reflect systemic vulnerabilities to policy uncer-

tainty, rather than idiosyncratic firm-level episodes that can be diversified

away in cross-country portfolios.

Also, this approach is consistent with prior research practices. For exam-

ple, Studies such as Dai et al. (2021) analyze the relationship between U.S.

market-wide crash risk and EPU during the COVID-19 pandemic, explicitly

focusing on the overall market using the S&P 500 index as a benchmark in-

stead of examining firm-specific returns. Likewise, Chiu et al. (2015) under-

scores the role of tail dependence in amplifying market-wide co-movements
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during extreme events, reinforcing the view that systemic downside risk

should be evaluated at the market or country level. These precedents high-

light that employing aggregate crash or tail risk measures has become a

well-established and effective method for examining the macro-level effects

of EPU.

Methodologically, this choice aligns with the design of Kelly and Jiang

(2014), whose aggregate downside risk measure is specifically constructed

to capture a common market-wide tail factor by pooling information across

all listed firms. Applying their framework at the country level maintains

consistency with its original purpose. In contrast, a firm-level implemen-

tation would diverge from the model’s assumptions and fail to isolate the

systemic component most relevant to macroeconomic shocks, such as eco-

nomic policy uncertainty (EPU). Aggregate tail risk captures the system-

atic channel through which EPU operates, which operates via fiscal, mon-

etary, and regulatory mechanisms, affecting macroeconomic expectations

and investor sentiment at the country level, rather than firm-specific fun-

damentals (Bloom, 2009; Pastor and Veronesi, 2012; Pástor and Veronesi,

2013; Brogaard et al., 2020).

Finally, statistical stability and cross-country comparability further moti-

vate the use of country-level aggregate tail risk. In a cross-country setting,

constructing aggregate measures from all listed securities within each mar-

ket provides a robust and comparable proxy for tail risk, reducing the

influence of microstructure noise or firm-specific outliers. By pooling firm-

level returns into a market-wide distribution, country-level tail risk offers

a consistent metric to evaluate the impact of EPU across economies, en-

abling coherent analyses that distinguish between developed and emerging

markets (Christou et al., 2017; Ko and Lee, 2015; Das and Kumar, 2018;

Carrière-Swallow and Céspedes, 2013). In this way, systematic tail risk pro-
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vides both economic relevance, as it captures market-wide fragility under

policy uncertainty, and methodological robustness for cross-country empir-

ical research.

Taken together, these arguments support the focus on aggregate measures

in this chapter. By linking country-level EPU to systemic tail risk, this

study directly addresses the goal of understanding financial fragility across

countries in the face of global uncertainty. Firm-level measures remain

valuable for corporate-finance research, but at the macro-financial level

they largely collapse to country indices that better capture the systemic

uncertainty at the heart of this analysis.

In order to test the hypothesis that Economic Policy Uncertainty (EPU)

affects not only stock market returns but also left-tail risk at the cross-

country level, a panel regression framework is employed. The baseline

specification uses the BBD index as the Economic Policy Uncertainty mea-

surement, introduced by Baker et al. (2016) and obtained from the public

Economic Policy Uncertainty database, as the main explanatory variable.

The regressions further control for country-specific economic characteris-

tics, along with monthly and country-level fixed effects. The dependent

variable, capturing time-varying tail risk, follows the measures developed

by Kelly and Jiang (2012) and Kelly and Jiang (2014), which quantify ex-

treme left-tail events in equity markets. This measure is constructed at the

country level on a monthly basis by aggregating daily returns of all securi-

ties headquartered in the respective country, thereby reflecting market-wide

tail risk rather than firm-specific events.

The baseline regression results indicate that the hypothesis, which states

that EPU is positively related to financial market tail risk at the cross-

country level, is significant across all three groups. To further verify the
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robustness of this finding, alternative proxies for global EPU are employed

in additional regressions. Given the prominent role of the U.S. in the

global economy, U.S. EPU is expected to have spillover effects on other

countries (He et al., 2020; Coronado et al., 2020; Istiak and Alam, 2020).

Therefore, indicators representing one, three, and six months prior to U.S.

election months are incorporated, based on the premise that concerns about

potential policy changes increase as elections approach. The results remain

robust for the overall sample, while some variation is observed across the

developed and emerging market subgroups.

Beyond the baseline regressions with aggregate EPU, additional analy-

ses are conducted using pandemic-related EPU and trade-related EPU in-

dices to capture heterogeneity across different sources of policy uncertainty.

These alternative measures allow the study to disentangle whether the left-

tail risk effect is driven by specific forms of uncertainty (e.g., health crises or

trade disruptions) rather than general macroeconomic policy uncertainty.

To strengthen the causal interpretation, an instrumental variable (IV) ap-

proach is further implemented, using political polarization as an instru-

ment for EPU. Polarization, measured by indices of ideological distance,

partisan fractionalization, or partisan conflict, has been shown to gener-

ate spikes in EPU, especially during highly contested elections. Impor-

tantly, polarization evolves gradually and remains largely unaffected by

short-term economic shocks, thereby satisfying the exclusion restriction.

Structurally, polarization influences EPU through its impact on policy pre-

dictability rather than directly affecting contemporaneous economic out-

comes. This IV strategy is well-established in related literature. Empiri-

cal finance studies confirm these properties in practice. For example, re-

searchers instrument U.S. tax-policy uncertainty with Senate partisan splits

and report strong first-stage F-statistics and significant Two-Stage Least
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Squares (2SLS) estimates, indicating the instrument’s relevance and ex-

clusion (Tosun and Yildiz, 2020). Likewise, work on environmental policy

uncertainty uses variations in congressional climate-bill votes or ideologi-

cal polarization to isolate exogenous EPU shocks (Benlemlih and Yavaş,

2024). In each case, the polarization-based IV yields a clean test of the

causal effect: because it isolates truly exogenous uncertainty variation, the

estimated impact of EPU on outcomes (such as asset tail risk) can be inter-

preted as a policy-driven causal effect rather than a spurious correlation.

The regression sample comprises data from 23 countries for the period from

January 1985 to the present, consistent with the availability of EPU data.

Preliminary analyses indicate a significant relationship between EPU and

aggregate tail risk. As discussed previously, the impact of EPU may differ

across countries, particularly between developed and emerging markets. To

address this concern, the regression is conducted on three separate sam-

ples: the full sample including all observations, a subsample of developed

countries, and a subsample of emerging markets.

This chapter contributes to the literature in several aspects. First, it ex-

pands research on EPU and its influence on financial markets. Previous

works have established that EPU functions as a priced risk factor in option

markets and predicts future stock market volatility; however, few studies

have directly linked EPU to extreme market-wide events. Luo and Zhang

(2020) examines the relationship between EPU and firm-level stock price

crash risk, but the cross-country validity of this effect remains unclear.

By analyzing EPU’s effect at the country level and across different coun-

try groups, this chapter fills this gap, demonstrating its relevance for both

developed and emerging markets. Second, the chapter advances the un-

derstanding of factors driving tail risk. Despite its importance, few studies

have explored the determinants of time-varying tail risk. Leveraging the
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aggregate tail risk measures of Kelly and Jiang (2012) and Kelly and Jiang

(2014), which capture infrequent extreme events and aggregate the perfor-

mance of all securities in each market, this study provides insights into the

connection between policy uncertainty and unexpected financial events, of-

fering both practical guidance for investors and theoretical contributions

to academia.

The chapter is structured as follows. Section 5.2 reviews the relevant liter-

ature on EPU and tail risk, and proposes the chapter’s hypotheses. Section

5.3 details the construction of variables and the methodology employed to

test these hypotheses quantitatively. Section 5.4 presents summary statis-

tics for the sample, followed by results and analysis of the baseline regres-

sions, robustness checks using U.S. election-period indicators, the 2SLS

regression results of instrumental variables method, and further investiga-

tions into the two specific channels of policy uncertainty. Finally, Section

5.5 provides a brief summary of the chapter’s findings.

5.2 Literature Review

5.2.1 The Influence of Economic Policy Uncertainty

A large body of research has documented the causal effects of policy uncer-

tainty on economic activity. According to business cycle theory, external

shocks—including policy shocks—can induce fluctuations in the macroe-

conomy (Plosser, 1989). Consequently, policy uncertainty can affect the

economy through multiple channels, such as investment, employment, and

aggregate output.

Building on this theoretical foundation, several studies have empirically

examined the impact of policy uncertainty on investment. Handley and Li-
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mao (2015) finds that trade-related policy uncertainty influences firm-level

investment decisions, while Dixit and Pindyck (1994) shows that managers

tend to delay irreversible projects under uncertain policy conditions. Sim-

ilarly, Bernanke (1983) documents that macroeconomic policy uncertainty

discourages firms from committing to long-term capital expenditures. Pol-

icy uncertainty can also reduce innovation, as decision-makers may face

greater difficulty in assessing the risks associated with R&D investments

(Marcus, 1981).

Beyond investment, evidence from labor markets indicates that policy un-

certainty can increase unemployment. Shoag and Veuger (2016) finds that

state-level policy uncertainty in the U.S. contributed to higher unemploy-

ment during the 2007–2009 financial crisis. Policy uncertainty also nega-

tively affects aggregate output: Jones and Olson (2013) demonstrates that

uncertainty reduces U.S. domestic output, while Aizenman and Marion

(1993) documents similar effects across 46 countries, showing a decline in

real capital per GDP during 1970–1985.

To better understand these macroeconomic effects, a structural perspective

provides further support. Analyzing major economic and political shocks,

including the Cuban Missile Crisis, the assassination of JFK, the OPEC

I oil-price shock, and the 9/11 terrorist attack, Bloom (2009) finds that

policy uncertainty is associated with declines in employment and output

over the six months following these events.

One observable source of policy uncertainty is presidential elections, which

can generate shifts in expectations about future fiscal, monetary, and reg-

ulatory policies. Therefore, one stream of research has used presidential

elections as a proxy for Economic Policy Uncertainty (EPU), given that

elections are widely regarded as significant policy shocks, especially when
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outcomes are unexpected. Niederhoffer et al. (1970) first develops a model

to proxy business cycles, indicating that agents in different sectors tend to

vote for distinct parties. Allvine and O’Neill (1980) documents the rela-

tionship between U.S. presidential elections and stock market returns over

the period 1961–1978. Herbst and Slinkman (1984) examines the effects of

political-economic cycles on the stock market based on election cycles.

Julio and Yook (2012) shows that policy uncertainty arising from national

elections can introduce cycles in corporate investment. Similarly, Booth

and Booth (2003) finds that presidential elections affect stock market re-

turns, with returns generally higher in the last two years of a presidential

term than in the first two years. Bia lkowski et al. (2008) demonstrates that

national elections induce higher stock market volatility within a sample of

27 OECD countries. Li et al. (2018) finds that stock markets are less likely

to crash during election years, but more likely to experience crashes in the

post-election period, based on data from 1982–2012.

While presidential elections represent an observable source of policy un-

certainty, they capture only a subset of potential policy-related shocks.

To measure uncertainty more comprehensively, researchers have increas-

ingly relied on the Economic Policy Uncertainty (EPU) index, denoted as

the BBD index, developed by Baker et al. (2016). This news coverage-

based measure systematically quantifies policy uncertainty and exhibits

pronounced spikes around major events, such as closely contested U.S. pres-

idential elections, the Gulf Wars I and II, the 9/11 attacks, and the failure

of Lehman Brothers. Empirical studies using the BBD index show that

elevated EPU increases firm-level stock price volatility, while also reducing

corporate investment and domestic employment, capturing the broader eco-

nomic consequences of policy uncertainty more effectively than single-event

proxies.
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The BBD index addresses concerns regarding reliability, accuracy, bias,

and consistency. First, it shows a strong correlation with other measures

of economic uncertainty, including implied volatility. Second, it aligns with

alternative indicators, such as the frequency of policy-related mentions in

the Federal Reserve System’s Beige Books. Third, the index is robust

to political slant, and fourth, its reliability has been confirmed through

extensive audit studies, demonstrating high correlation between human-

and computer-generated indices.

Numerous studies have corroborated the impact of BBD index on mar-

ket participants’ behavior. Gulen and Ion (2016) finds that BBD index

negatively affects corporate investment at both firm and industry levels,

accounting for approximately two-thirds of the 32% decline in investment

observed during the 2007–2009 financial crisis, thereby significantly de-

pressing U.S. economic growth. Nagar et al. (2019) shows that managerial

decision-making is highly sensitive to BBD index, which is associated with

widening bid-ask spreads and reduced stock price reactions to unexpected

earnings announcements, amplifying information asymmetry. Similarly,

Afzali et al. (2021) documents that, across multiple countries, high pol-

icy uncertainty is linked to increased corruption, including tax evasion and

bribery.

Other studies have investigated how EPU affects firms through different

corporate and financial channels. Nguyen and Phan (2017) examines the

relationship between BBD index and M&A activity, while Nguyen et al.

(2018) links it to firm-level foreign direct investment. Huang et al. (2015)

investigates political risk’s effect on dividend payout policy, Ben-Nasr et al.

(2020) studies its influence on debt sourcing, Hu and Gong (2019) finds a

negative effect on bank lending, and Demir and Ersan (2017) highlights

the impact on corporate cash holdings in BRIC countries. Collectively,
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these studies illustrate the pervasive influence of policy uncertainty across

investment, corporate governance, and financial market outcomes.

From an asset pricing perspective, economic policy uncertainty (EPU) af-

fects stock market performance by influencing investors’ expectations of

future cash flows and discount rates. Modern finance theory views stock

market performance as the sum of the present value of all expected future

dividends. Economic activities can influence market participants’ expecta-

tions of future returns. Consequently, uncertain policymaking is likely to

generate pessimistic expectations about future discount rates, which can

lead to declines in stock market returns. Governments can also shape the

business environment in multiple ways, including levying taxes, providing

subsidies, enforcing laws, regulating competition, and defining environmen-

tal policies. These policy interventions are reflected in stock prices, espe-

cially when the changes are unanticipated (Pastor and Veronesi, 2012).

Building on this, Pástor and Veronesi (2013) develops a theoretical model

to analyze the relationship between stock prices, return volatility, and pol-

icy uncertainty.

Empirical studies have increasingly documented the link between policy un-

certainty and stock market performance. Berkman et al. (2011) constructs

a crisis index based on 447 international political crises to proxy for per-

ceived disaster probability and finds substantial effects on both the mean

and standard deviation of global stock market returns. Li et al. (2016)

provides evidence from China and India showing that policy uncertainty

influences stock market performance in both the short and long run. Us-

ing Google Search Volume Index (SVI) for the word “economy,” Dzielinski

(2012) finds that elevated economic uncertainty leads to sharp declines in

stock returns.
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Other research highlights the predictive power of policy uncertainty on

market volatility. Liu and Zhang (2015) demonstrates this through a het-

erogeneous autoregressive realized volatility model. Amengual and Xiu

(2018) shows that negative volatility jumps are correlated with the sud-

den resolution of unexpected political news. More recently, Rungmaitree

et al. (2022) finds that political risk significantly reduces hedge fund re-

turns, with the effect varying across different hedge fund strategies within

G7 countries.

More specifically, research on economic policy uncertainty (EPU) and fi-

nancial market volatility has a well-established tradition. Antonakakis

et al. (2013) investigates the time-varying relationship between policy un-

certainty, implied stock market volatility, and stock returns. The study

finds that global oil price shocks and U.S. recessions have substantial effects

on this relationship. Albulescu (2021) examines the impact of the COVID-

19 pandemic on the realized volatility of the S&P 500, highlighting one

of the most significant recent external shocks to the global economy. Mei

et al. (2018) shows that the U.S. BBD index can predict European stock

market volatility. Su et al. (2019) studies the spillover effect of U.S. policy

uncertainty on the stock market volatility of six industrialized and three

emerging countries, emphasizing its strong global influence. Boutchkova

et al. (2012) further finds that both global and local policy uncertainty af-

fect industry-level return volatility. Notably, uncertainty in major trading

partners tends to generate particularly high volatility.

Moreover, an increasing number of studies on policy uncertainty now ex-

tend beyond the U.S. market and developed countries, focusing instead on

its effects on global markets. Bekaert et al. (2016) evaluates global asset

prices using “political risk spreads,” derived from sovereign spreads and

political risk ratings. Le and Zak (2006) examines the impact of three
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types of political and economic risk on capital flight across a panel of 45

developing countries over a 16-year period. Chang et al. (2015) investi-

gates the causal relationship between policy uncertainty and stock prices

in seven OECD countries from 2000 to 2013, finding that the effect is not

uniform across all countries. Liu et al. (2017) treats the Bo Xilai scandal

as an exogenous political shock to the Chinese financial market and pro-

vides evidence for the existence of political stock risk. Bia lkowski et al.

(2008) shows that elections increase stock market volatility in 27 OECD

countries, with index return variance doubling during the week surrounding

Election Day. Engelhardt et al. (2021) employs a sample of 47 countries

to show that the exogenous shock from COVID-19 affected stock markets

differently depending on societal trust and trust in government.

Another strand of research examines the spillover effects of EPU across

countries, highlighting its global transmission. Kido (2018) demonstrates

how U.S. policy uncertainty propagates to global equity and foreign ex-

change markets. Gong et al. (2022) analyzes EPU spillovers across 23

countries, employing the theory of global interdependence of policy uncer-

tainty on stock returns. Christou et al. (2017) uses a panel VAR model

to examine the role of EPU in seven Pacific Rim countries, while Li et al.

(2020b) and Liang et al. (2020) document the spillover of U.S. policy un-

certainty to Asian stock markets. Building on these findings, which under-

score the potential global significance of Economic Policy Uncertainty, this

chapter investigates the impact of policy-related economic uncertainty on

all countries with accessible BBD index data from Baker et al. (2016).
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5.2.2 Tail Risks

Tail risk refers to extreme conditions or events, often described as “low

probability, but high impact” occurrences. In financial markets, tail risk

is typically associated with extremely negative returns, which can produce

exceptionally high utility losses for investors. Consequently, market par-

ticipants are often willing to pay substantial costs to hedge against such

extreme events. Tail risk represents an important feature of financial mar-

kets, and numerous studies have documented its relationship with asset

pricing. Understanding how investors respond to rare disasters is therefore

a central concern in finance. Economic uncertainty is generally regarded

as a foundation for investors’ confidence in available information; external

economic shocks can imply a sudden loss of information, which in turn can

generate increased market volatility and severe extreme events, that is, tail

risk in financial markets.

The relationship between tail risk and asset pricing has been investigated

for decades. Since Fama (1965) established tail risk as a critical feature of

financial markets, researchers have proposed various theoretical frameworks

to incorporate tail events into asset pricing. For instance, building on the

safety-first principle of Telser (1955), Arzac and Bawa (1977) proposes an

asset pricing theory that maximizes expected return under a Value-at-Risk

(VaR) constraint, introducing an alternative tail “beta” to the traditional

CAPM model. Several other methods have been developed to proxy tail

risk. Ilhan et al. (2021) demonstrates that options can be used to hedge

downside risk, while Bollerslev and Todorov (2014) utilizes a cross-section

of short-maturity options to estimate time-varying risk-neutral jump tail

risk, finding significant temporal dependencies for both distribution ex-

tremes in a panel of S&P 500 index options. Similarly, Bakshi et al. (2003)
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employs skewness and kurtosis measures to capture the differential pricing

of individual equity options relative to the market index. Bollerslev et al.

(2009) estimates both implied and realized variance risk premiums as prox-

ies for tail risk in a model-free framework, while Backus et al. (2011) links

the distribution of extreme events to asset prices using equity option data

to study tail risk effects. These approaches collectively illustrate the variety

of methods available to quantify extreme events in financial markets.

Previous research has motivated this chapter to investigate the impact of

policy uncertainty on stock market performance and extreme negative re-

turns. It is widely recognized that investors are concerned about rare dis-

asters and require compensation for bearing such risks in financial markets.

This concern makes the study of left-tail risk particularly important. The

significance of tail risk originates from two main factors. First, investors

exhibit heterogeneous preferences in weighing losses against returns, which

affects their risk-taking behavior and portfolio decisions. Second, empirical

evidence indicates that security market returns often display fat-tailed dis-

tributions, meaning extreme losses occur more frequently than predicted

by standard normal assumptions. These features have motivated extensive

academic efforts to develop robust measurements of tail risk, particularly

focusing on the market-wide, systematic components that cannot be easily

diversified through large portfolios. Such measures are essential for un-

derstanding not only individual firm exposure but also aggregate market

vulnerability to extreme shocks.

A major contribution in this area is provided by Bloom (2009), which of-

fers a framework to analyze the impact of large, temporary uncertainty

shocks on the entire economy. This study demonstrates that significant

unexpected shocks can cause sharp declines in employment, output, and

productivity growth, primarily through the effect on corporate hiring and
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investment decisions. Importantly, this work establishes a channel for ex-

amining macroeconomic consequences via firm-level behavior, overcoming

the difficulty of studying aggregate effects directly. Uncertainty shocks af-

fect the economy at the market-wide level because of adjustment costs in

capital and labor: when firms simultaneously reduce investment and hir-

ing, aggregate economic activity declines, as reflected in lower output and

productivity growth.

Building on this perspective, Gabaix (2011) proposes a mechanism in which

idiosyncratic shocks to individual firms or industries can propagate and

contribute to aggregate fluctuations in the economy. Inspired by this idea,

Kelly and Jiang (2014) develops a framework that links the aggregation of

firm-level tail risks to market-wide uncertainty. In this framework, extreme

losses at the firm level can combine to generate systemic tail risk, capturing

the broader impact of uncertainty on the market. This theoretical channel

underpins the current chapter’s investigation of how Economic Policy Un-

certainty (EPU) affects market-wide tail risk across different countries. By

connecting firm-level vulnerabilities to aggregate outcomes, the approach

provides a clearer understanding of how policy-related shocks can trigger

extreme negative returns in national stock markets.

A range of measurements has been developed to capture left-tail extreme

events. Arzac and Bawa (1977) introduces a model in which investors

maximize expected returns under VaR constraints. Bali and Cakici (2004)

shows that factors such as VaR and firm-specific characteristics influence

expected stock returns, confirming a positive relationship between VaR and

market returns at the monthly level. Bollerslev and Todorov (2011b) con-

structs an Investor Fear Index and demonstrates its association with equity

premia. While various studies have explored tail risk predictivity (Dierkes

et al., 2024), this chapter prioritizes capturing the common components of
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market-wide tail risk, rather than focusing solely on forecasting. Accord-

ingly, the tail risk measurement from Kelly and Jiang (2012) and Kelly and

Jiang (2014) is employed.

One challenge in measuring tail risk is the infrequency of extreme events,

which makes standard volatility models, such as GARCH, inadequate.

Kelly and Jiang (2012) and Kelly and Jiang (2014) address this problem by

constructing a time-varying, market-wide tail risk measure that aggregates

individual firm tail risks. This approach successfully captures the dynamics

of heavy-tailed shocks across the stock market and has been shown to cor-

relate positively with both excess returns and the cross-section of expected

returns. Kelly and Jiang (2014) further demonstrates that aggregate mar-

ket tail risk inherits the dynamics of individual assets, highlighting the

importance of considering systemic components rather than firm-level tail

risk alone.

Building on these theoretical and empirical foundations, this chapter ap-

plies the Kelly and Jiang (2012) and Kelly and Jiang (2014) methodology to

measure the aggregate tail risk of stock markets across multiple countries.

The analysis then investigates how the BBD index developed by Baker

et al. (2016) influences market-wide tail risk at the country level, provid-

ing insights into the relationship between policy uncertainty and extreme

negative returns in international financial markets.

Based on all the previous research, this chapter intends to make the fol-

lowing hypothesis:

Hypothesis 1 Economy policy uncertainty is positively related to aggre-
gate tail risk of the stock market, and this effect is significant among coun-
tries.
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5.3 Data, Variables, and Methodology

The sample employed in this study covers 23 countries, as described in Sec-

tion 5.3.2, spanning the period from January 1985 to December 2022. This

period corresponds to the availability of the BBD index provided by the

Economic Policy Uncertainty website, and all available observations within

this time period are included in the analysis. Daily return data for indi-

vidual stocks are primarily obtained from the DataStream database, with

the exception of U.S. stocks, for which data are sourced from the CRSP

database. Macroeconomic variables and other country-level characteris-

tics are collected from the International Monetary Fund (IMF), the World

Bank, and the Organisation for Economic Co-operation and Development

(OECD).

5.3.1 Dependent Variables

Rare disasters have been shown to play an important role in addressing

several longstanding puzzles in asset pricing research. Rietz (1988) ex-

tends the framework of Lucas Jr (1978) and Mehra and Prescott (1985) by

introducing a low-probability, depression-like “third state,” referred to as

a rare disaster state. This addition helps explain the observed high equity

risk premia alongside the low risk-free rate, a phenomenon that standard

models struggled to reconcile.

A key motivation for introducing rare disaster states into asset pricing

models is their ability to help explain several longstanding puzzles in eq-

uity markets, particularly the unexpectedly high volatility of stock returns.

This phenomenon has long attracted academic interest, with early studies

linking it to the predictive ability of the price-dividend ratio for excess stock
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returns (Fama and French, 1989; Cochrane, 1992; Keim and Stambaugh,

1986). According to this theory, excess returns are driven by realized cash

flows, expected future cash flows such as dividends, and variations in the

discount rate. Traditional models often attribute stock return volatility

primarily to new information about future cash flows or changes in the

discount rate. If the discount rate is indeed the main source of variation, it

should manifest in the predictive relationship between excess returns and

the price-dividend ratio.

The equity volatility puzzle poses a challenge to the predictions of the

traditional consumption-based CAPM. Under the assumption of unlevered

stock returns, the model predicts that stock return volatility should equal

consumption volatility. However, empirical evidence consistently shows

that stock market volatility is much higher than predicted.

Based on the framework of the consumption-based CAPM, the stochastic

discount factor (SDF) is modeled as a parametric function of consumption

growth, as future dividends are assumed to provide cash flows for consump-

tion. This parametric specification treats the random walk component of

consumption growth as i.i.d., implying that the volatility of consumption

should equal the volatility of stock returns. However, empirical data show

that stock return volatility is substantially higher than consumption volatil-

ity, even after accounting for leverage and dividend volatility.

Barro (2006) builds on this insight and extends the work of Lucas Jr (1978),

Mehra and Prescott (1985), and Rietz (1988) by calibrating the magnitude

and probability of rare economic disasters. In Barro’s model, when the

probability of rare disaster is held constant, the standard consumption-

based inference remains, which states that consumption volatility matches

stock return volatility, but this is inconsistent with observed twentieth-
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century data. Empirically, stock return volatility far exceeds the predic-

tion of the traditional model, exemplifying the equity volatility puzzle. To

address this, Barro introduces a stochastic, persistent variation in the prob-

ability of rare disasters, combining a standard i.i.d. random walk with a

disaster-related term that features time-varying disaster probabilities.

The introduction of stochastic and persistent variation in rare disaster prob-

abilities relaxes the i.i.d. assumption for productivity shocks and extends

the frameworks of Lucas Jr (1978), Mehra and Prescott (1985), and Rietz

(1988). The findings indicate that assuming a constant disaster probability

does little to address the equity volatility puzzle. In contrast, allowing dis-

aster risk to fluctuate over time significantly increases stock return volatil-

ity, aligning theoretical predictions more closely with empirical evidence.

This line of research has inspired subsequent empirical efforts to quantify

time-varying disaster probabilities, which is a technically demanding yet

essential step toward understanding stock market dynamics under extreme

events.

The theoretical insight that time-varying probabilities of rare disasters can

generate heightened stock return volatility naturally motivates empirical

efforts to quantify market-level tail risk. In this vein, studies such as Kelly

and Jiang (2012) and Kelly and Jiang (2014) develop methods to mea-

sure time-varying tail risk by aggregating cross-sectional information from

individual stocks. Their approach assumes that the tail distributions of

different firms share similar dynamics, allowing common components of

tail risk to be extracted at the market level. A major advantage of this

measurement is that it overcomes the challenge posed by the rarity of ex-

treme events, which makes traditional proxies less reliable. By capturing

the systematic component of tail risk, this methodology provides a prac-

tical foundation for studying the impact of extreme economic shocks on
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financial markets.

This measurement is based on the assumption of power-law tail behavior in

financial markets, as described in Eq. 5.1, a notion supported by extensive

literature. Ample evidence indicates that the key parameter of the power

law changes over time. This feature makes the approach effective for mon-

itoring the time-series variation of tail risks. The measurement focuses on

the reduced form of the tail distribution, which captures return events be-

low a given extreme negative threshold ut, consistent with the definition of

tail risk. By emphasizing the commonality of tail events across individual

assets, the method exploits relatively abundant cross-sectional information

to estimate the probability of an overall market disaster from individual

stock returns.

According to Gabaix (2016), power-law distributions are common not only

in physics but also in economics. For example, firm sizes follow a power-law

distribution, implying that economic activity is concentrated among a few

large firms. This concentration is important because idiosyncratic shocks

to large firms can easily propagate to other firms, generating market-wide

effects. From a power-law perspective, trades by large institutions exert

a price impact proportional to the square root of trade size. Empirical

evidence shows that these institutions trade gradually to moderate such

impacts, but when trading under time pressure, large trades can cause

market declines or crashes.

The application of power-law distributions in economic activity helps ex-

plain both the drivers of market crashes and the connection between id-

iosyncratic shocks and aggregate tail risk. Kelly and Jiang (2014) identifies

two mechanisms underlying this relationship. First, the power-law tails of

individual firms remain stable under aggregation. As shown by Gabaix
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(2009), aggregating power-law tails preserves their properties under addi-

tion, multiplication, polynomial transformations, and operations such as

min and max. This stability allows measurements to capture market-wide

extreme events by summarizing individual firm tails. Second, uncertainty

shocks at the firm level can affect real economic outcomes, consistent with

Bloom (2009). For example, increased uncertainty raises corporate costs,

such as labor expenses, which may lead firms to postpone investment de-

cisions. When many firms experience such shocks simultaneously, these

effects propagate across the market, reducing aggregate outcomes includ-

ing investment and employment. While Bloom (2009) emphasizes volatility

effects, this mechanism also shows how firm-level shocks can inform market-

wide tail risks.

Therefore, it is reasonable to use aggregate information from individual

tails to capture the common dynamics of market-wide tail risk.

Finally, the tail distribution of asset returns in this framework is described

by the following formula:

P (Ri,t < r|Ri,t < ut) ∝ (
r

ut

)aiζt (5.1)

where r < ut < 0. Ri,t is the return of individual stock i on date t, and ut

defines the threshold of the left tail, separating the extreme negative returns

from the center of the distribution. It is typically set as the 5th percentile

of the cross-section of individual stock returns on date t, following Kelly

and Jiang (2012) and Kelly and Jiang (2014).

Eq. (5.1) shows that the left tail of the return distribution follows a power

law once returns exceed the threshold ut. The right-hand side of the equa-

tion uses the exponent to quantify the tail risk of an individual stock. Here,
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ai is a constant representing the unconditional tail risk level for each as-

set, while ζt is the key time-varying parameter common to all assets. This

parameter determines the shape of the tail distribution, reflecting the dy-

namic nature of rare disaster risk. A lower exponent produces a fatter tail,

whereas a higher ζt shifts the left tail further left, indicating higher tail

risk. This approach assumes that while firms have different unconditional

tail risks, their tail risk dynamics are similar.

According to Kelly and Jiang (2012) and Kelly and Jiang (2014), ζt can

be estimated by applying Hill (1975) power law estimation method to the

pooled cross-section of extreme daily stock return over the month t for all

stocks on date t following:

1

ζHill
=

1

Kt

Kt∑
K=1

ln
RK,t

ut

(5.2)

where RK,t is the daily return of stock k on date t that exceeds the tail risk

threshold ut during month t, and Kt is the number of daily returns that falls

below the threshold in that month. Next the parameter is standardized to

usage to proxy for the tail risk:

TAILt =
ζ̂Hill
t − Ê(ζ̂Hill

t )

σ̂(ζ̂Hill
t )

(5.3)

where Ê and σ̂ indicate the sample mean and standard deviation over the

whole sample of all the monthly tail risk estimators.

The daily stock return data are obtained from the DataStream database,

and all securities listed based on the location of headquarters registered are

included in the sample to calculate the tail risk measurements. For each

country, the data are obtained following the start time of the BBD index,

starting from January 1985 to December 2022. For the markets that exist
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after the starting time, all available observations are included.

5.3.2 Independent Variables

The variable of interest in this study is the Economic Policy Uncertainty

(EPU) index developed by Baker et al. (2016), which is adopted to capture

the degree of changes in a country’s policy and regulatory environment.

The monthly index, starting from January 1985, is denoted as the BBD

index. A higher BBD index indicates a greater level of economic policy

uncertainty. The index typically spikes during periods of extreme events,

such as the 9/11 attacks or tightly contested elections.

In addition to the foundational work of Baker et al. (2016), a series of

studies have employed similar methodologies to construct the BBD index

for 23 countries. Specifically, the indices for Australia, Brazil, Canada,

France, Germany, India, Italy, Mexico, South Korea, Russia, the United

Kingdom, and the United States are sourced from Baker et al. (2016).

Data for Chile are obtained from Cerda et al. (2016), for SMCP China

from Baker et al. (2013), for Mainland China from Davis et al. (2019), for

Colombia from Gil and Silva (2018), for Greece from Hardouvelis et al.

(2018), for Ireland from Zalla (2016), for Japan from Arbatli et al. (2017),

for the Netherlands from Kroese et al. (2015), for Singapore from Davis

(2016), for Spain from Ghirelli et al. (2019), and for Sweden from Armelius

et al. (2017).

This index is constructed by quantifying economy- and policy-related news

coverage in newspapers. Collecting data from both government sources and

newspapers addresses the conventional challenge posed by the infrequent

occurrence of specific uncertain or extreme events. For the U.S. BBD index,

the measurement reflects the frequency of articles in 10 widely recognized
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newspapers, using three sets of word lists representing “economy,” “policy,”

and “uncertainty.” The index is observed to spike during major exogenous

economic or political shocks, such as tight presidential elections, the 9/11

terrorist attacks, and the Gulf Wars I and II.

Comparable methodologies are applied to construct the index for other

countries. Prior studies have demonstrated the relationship between this

measure and firm-level stock price volatility, as well as macroeconomic out-

comes such as investment, employment, and output. The reliability of

the index is further confirmed by the high correlation between computer-

generated and human-constructed versions. Data for this metric are sourced

from the Economic Policy Uncertainty website. For the purposes of regres-

sion analysis, the monthly BBD index for each country is multiplied by 100

to maintain appropriate decimal precision for parameter estimation.1

According to Baker et al. (2016), the construction of the BBD index con-

sists of three components. The first component captures the coverage of

policy- and economy-related uncertainty in leading newspapers of each

country. For example, in the U.S., ten major newspapers are selected:

USA Today, Miami Herald, Chicago Tribune, Washington Post, Los Ange-

les Times, Boston Globe, San Francisco Chronicle, Dallas Morning News,

New York Times, and the Wall Street Journal.

Within these newspapers, articles containing keywords related to uncer-

tainty or economic policy are identified. Specifically, terms such as “un-

certainty” or “uncertain,” “economic” or “economy,” and other policy-

relevant words including “congress,” “deficit,” “Federal Reserve,” “legis-

lation,” “regulation,” or “White House” are counted. The frequency of

these articles is then scaled by the total number of articles published in

1The website of Economic Policy Uncertainty is
https://www.policyuncertainty.com/index.html

226

https://www.policyuncertainty.com/index.html


5.3. DATA, VARIABLES, AND METHODOLOGY

the corresponding newspapers. The first component of the index is defined

as the sum of these normalized values across all selected newspapers on a

monthly basis for each country.

The second component of the index captures the federal tax code provisions

scheduled to expire in the coming year, with their dollar values obtained

from the Congressional Budget Office (CBO). The uncertainty associated

with these scheduled tax provisions arises from the common practice of

Congress postponing decisions on whether to extend them until the last

moment, which undermines the stability and predictability of tax policy

for the upcoming year. Additionally, differences between the tax revenue

projections of the CBO and those of the Office of Management and Budget

(OMB), due to varying assumptions about the treatment of scheduled ex-

piries under current law, further contribute to uncertainty regarding future

federal borrowing and lending.

To construct this component, the absolute dollar value of expiring tax

provisions over a 10-year horizon is first calculated for each year. These

values are then discounted at a rate of 50% per year. The discounted,

dollar-weighted tax provisions are summed for each January to produce an

index, which is subsequently normalized to have a mean value of 100.

The third component of the index captures disagreement regarding inflation

and government purchases. This component is derived from individual-level

quarterly forecast data on inflation, federal government purchases of goods

and services, and state and local government purchases of goods and ser-

vices, obtained from the Federal Reserve Bank of Philadelphia’s Survey of

Professional Forecasters (SPF). To measure inflation uncertainty, individ-

ual forecasts of the quarter-on-quarter annualized CPI inflation rate over

the next four quarters are collected, and the cross-sectional interquartile
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range of these forecasts is computed as a signal of forecast disagreement.

This approach follows the methodology of Zarnowitz and Lambros (1987),

Bomberger (1996), Giordani and Söderlind (2003), and Boero et al. (2008).

For government purchases, the interquartile range of four-quarter-ahead

forecasts for federal, state, and local government purchases is first divided

by the corresponding median four-quarter-ahead forecast. This ratio is then

multiplied by a five-year backward-looking moving average of the ratio of

nominal federal purchases to nominal GDP. Finally, the resulting measures

are summed to produce an overall indicator of forecasting disagreement

about future government purchases, expressed as a percentage of GDP.

To construct the overall BBD index, each of the three components is first

normalized by its standard deviation calculated over the period prior to

January 2012. Subsequently, the components are aggregated on a monthly

basis using a weighted average, assigning a weight of 1/2 to the news-based

index and 1/6 to each of the other components (tax expirations, inflation

forecast disagreement, and government purchases forecast disagreement).

The resulting overall index is then normalized to have a value of 100.

For countries other than the U.S., a similar procedure is applied, with the

exception that the scheduled tax code provisions component is excluded

due to its idiosyncratic nature in the U.S. In these cases, the overall index

is computed as the equally weighted average of the remaining two compo-

nents. For the newspaper-coverage component, the word lists are adapted

to the native language of local newspapers. The disagreement component

relies on individual forecasts of CPI inflation and government budget bal-

ance variables collected by Consensus Economics (CE).
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5.3.3 Method

To examine the hypothesis listed above, the straightforward panel regres-

sion process is applied as following:

TAILi,t = β0 + β1 ×BBD indexi,t−1 + β2 × Controli,t−1

+ β3 × Countryi + β4 ×Montht + ϵi,t (5.4)

where TAILi,t represents the tail risk measurements described in Section

5.3.1, BBD index represents the BBD index adopted to proxy for Eco-

nomic Policy Uncertainty introduced by Baker et al. (2016), and its pa-

rameter β1 is the variable of interest for testing the hypothesis. Control

indicates the control variables.

A set of control variables is included to account for the macroeconomic

characteristics of individual countries. The short-term lending interest rate

from the OECD database (LENDING IR) is employed, as higher interest

rates are expected to depress stock prices and increase stock volatility. The

natural logarithm of GDP per capita (LN GDP PER CA), calculated in

local currency from the World Bank database, proxies the economic devel-

opment level; in growing economies, higher investor confidence may reduce

tail risk. The output gap (OUTPUT GAP), measured as the percentage

deviation of actual GDP from potential GDP (IMF data), reflects cycli-

cal conditions: a positive gap signals overheating and potential instability,

while a negative gap indicates slack and heightened risk aversion.

Market volatility (VOL), measured by the standard deviation of monthly

stock returns, is assumed to be positively related to uncertainty. Infla-

tion is proxied by the year-on-year change in the Producer Price Index
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(PPI − YOY , IMF). Narrow money supply (M1 , OECD) captures mon-

etary conditions, which can influence interest rates and market risk. The

unemployment rate (UNEMPLOYMENT , IMF) represents labor market

health, with higher unemployment typically associated with lower house-

hold income and reduced investment confidence.

Finally, the Caldara and Iacoviello geopolitical risk index (GEO POLITICAL)

accounts for adverse geopolitical events that may affect national financial

markets. Constructed from article counts on geopolitical threats across ten

major newspapers, it captures monthly variations in geopolitical risk and

their potential impact on investor sentiment and tail risk.

In order to strengthen the robustness and causal interpretation of the find-

ings in this chapter, a 2SLS regression using instrumental variables (IV) is

also considered. This approach addresses potential endogeneity concerns

in the relationship between Economic Policy Uncertainty (EPU) and tail

risk, which may arise due to omitted variable bias, measurement error,

or reverse causality that can bias ordinary least squares (OLS) estimates.

By using instruments that are strongly correlated with the endogenous re-

gressor but exogenous to the error term in the outcome equation, the IV

method isolates exogenous variation in EPU, allowing for a clearer identi-

fication of its causal effect on tail risk. The validity of the instruments is

supported by passing the underidentification test, confirming sufficient cor-

relation with the endogenous variable. Importantly, by separating exoge-

nous, policy-induced variation in EPU from confounding macroeconomic or

firm-specific shocks, the IV strategy strengthens causal inference, ensuring

that the estimated effect of EPU on tail risk reflects the underlying policy

mechanism rather than spurious correlations.

A commonly adopted choice for the instrumental variable in Economic
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Policy Uncertainty (EPU) studies is a measure of political polarization.

Empirical research suggests that high levels of political fractionalization

prolong budget finalization and hinder deficit reduction, while strong par-

tisan polarization impedes legislative processes and induces policy instabil-

ity, thereby elevating EPU (Grier et al., 2015). This measure is arguably

exogenous to financial markets, as it captures underlying political dynamics

rather than economic shocks.

To operationalise this instrument, data relies on the Varieties of Democracy

(V-Dem) dataset, which offers highly granular and globally comprehensive

democracy indicators collected via expert surveys. Specifically, we use

the variable ‘v2cacamps‘, which estimates the extent to which society is

divided into hostile political camps. The V-Dem data is widely regarded as

authoritative in political science research: it includes hundreds of indicators

across mid- and high-level indices over long time spans, is maintained by

an international team of more than 4,000 country experts based at the V-

Dem Institute (University of Gothenburg), and enjoys extensive usage in

scholarly and policy analyses worldwide.

5.4 Empirical Analysis

5.4.1 Descriptive Statistics

The summary statistics of the variables applied are reported in Table 5.1,

and the definitions are recorded in Table 5.2 for 23 countries, with 7,198

observations starting from January 1985 for the earliest available data.

For countries where stock market data is available only after 1985, the

dataset includes all available data from the respective starting period of

the stock market. For instance, in the case of Russia, the data includes
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only information after the dissolution of the Soviet Union, as it is regarded

as two distinct economies from both political and economic perspectives.

Tail is the standardized tail risk measurement as described in Section 5.3.1,

with a sample mean of 0.0436 and a standard deviation of 0.128. BBD

is the index developed by Baker et al. (2016) used to measure economic

policy uncertainty, scaled by 100, with a sample mean of 125.4 and a stan-

dard deviation of 83.27. The Caldara and Iacoviello geopolitical risk index,

GEO POLITICAL, has a sample mean of 0.409 and a standard deviation

of 0.625. LENDING IR represents the short-term lending interest rate re-

ported in percentage, with a sample mean of 8.57 and a standard deviation

of 11.42. The natural logarithm of GDP per capita, LN GDP PER CA,

has a mean of 9.787 and a standard deviation of 1.088. The output gap,

OUTPUT GAP , which measures the cyclical position of the economy, has

a mean of -0.714 and a standard deviation of 2.891. Market volatility, VOL,

calculated as the standard deviation of monthly returns of listed stocks, has

a mean of 1.207 and a standard deviation of 6.809. The year-on-year Pro-

ducer Price Index change rate, PPI − YOY , has a sample mean of 3.813

and a standard deviation of 13.71. The narrow money supply, M1 , which

is a seasonally adjusted index, with 2015 as the reference year, has a mean

of 75 and a standard deviation of 63.03. Finally, the unemployment rate,

UNEMPLOYMENT , has a mean of 7.47 and a standard deviation of 4.298.

5.4.2 Baseline Regression Results

This section presents the panel regression results used to test the hypothesis

that the level of economic and political uncertainty is positively associated

with the left-tail risk in stock market returns at the cross-country level,

as discussed in the preceding sections. Based on the theoretical frame-
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work of Bloom (2009), uncertainty shocks can influence the economy at a

market-wide level through their impact on hiring and investment, mediated

by capital and labor adjustment costs. These costs lead to simultaneous

declines in investment and hiring across the market, which are ultimately

reflected in the performance of the stock market, as captured by the tail risk

measurement employed in this study. This theoretical reasoning predicts a

positive relationship between BBD and tail risk in the baseline regression,

which is confirmed by the regression results reported in Eq. 5.4.

Table 5.3 reports the baseline regression results for the equation presented

in Section 5.3.3. In the regression, the tail risk measurement serves as

the dependent variable for country i in month t , while BBD is the key

explanatory variable for country i in month t − 1 , along with all control

variables. Both month- and country-fixed effects are included to account

for unobserved heterogeneity.

To examine potential differences across countries at distinct stages of eco-

nomic development, the regression is conducted for three groups. The first

column of Table 5.3 reports results for the full sample. The second col-

umn presents results for developed countries only, and the third column

shows results for emerging countries. This subgroup analysis is employed

to investigate whether the effect of BBD on tail risk varies depending on a

country’s stage of development.

The empirical results are consistent with Hypothesis 1, indicating that the

BBD index is positively associated with country-level tail risk. For the full

sample (column (1) of Table 5.3), the coefficient on BBD is 0.001∗∗ (coef.

= 0.001, t = 2.238), suggesting that a one standard deviation increase

in the BBD index corresponds to a 0.096% increase in the tail risk mea-

surement. The effect, however, is heterogeneous across country groups.
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In developed countries (column (2)), the coefficient is close to zero and

statistically insignificant (coef. = 0.000, t = 1.362), whereas in emerging

markets (column (3)) the coefficient is stronger and significant 0.001∗ (coef.

= 0.001, t = 1.733). This pattern confirms that EPU has a measurable ef-

fect on country-level stock-market tail risk, with emerging markets being

more sensitive to policy uncertainty, consistent with theory and prior evi-

dence that they are often subject to greater policy instability and financial

constraints (Liu and Dong, 2020; Hong et al., 2024).

Regarding control variables, the full-sample results (column (1)) show that

geopolitical risk (GEO POLITICAL) is positive and significant (coef. =

0.133, t = 3.680), market volatility (VOL) is positive and highly signifi-

cant(coef. = 0.016, t = 4.678), and the level of economic development prox-

ied by LN GDP PER CA is strongly positive(coef. = 1.265, t = 12.589).

The output gap is positive and significant(coef. = 0.029, t = 2.448). Year-

on-year PPI is negative and highly significant in the full sample (coef. =

−0.033, t = −5.923). Narrow money growth (M1 ) is positive and sig-

nificant(coef. = 0.001, t = 2.184). The unemployment rate is marginally

negative(coef. = −0.014, t = −1.674). Short-term lending rates are in-

significant in the full sample (coef. = −0.006, t = −0.874).

For developed countries (column (2)), the principal significant predictors

are market volatility(coef. = 0.015, t = 3.808), the output gap(coef. =

0.045, t = 3.240), and geopolitical risk(coef. = 0.294, t = 5.792). Other

controls (e.g., lending rates) are also not statistically significant here. For

emerging markets (column (3)), tail risk is significantly associated with

LN GDP PER CA(coef. = 0.805, t = 9.603), market volatility(coef. =

0.019, t = 2.622), the output gap(coef. = 0.025, t = 1.988), and geopolit-

ical risk(coef. = 0.405, t = 3.680). Year-on-year PPI is negative and sig-

nificant(coef. = −0.010, t = −3.626), M1 is positive and significant(coef.

234



5.4. EMPIRICAL ANALYSIS

= 0.002, t = 2.495), and short-term lending rates are positive and signif-

icant(coef. = 0.018, t = 2.726). Unemployment is not significant in the

emerging-market sample (coef. = 0.007, t = 0.347).

Taken together, these findings demonstrate that economic policy uncer-

tainty, as captured by the BBD index, is an important determinant of

stock market downside risk. The results imply that uncertainty shocks

amplify vulnerabilities in less mature financial systems, where weaker in-

stitutional frameworks and limited policy credibility magnify the adverse

effects of uncertainty on market stability. This underscores the broader

economic significance of policy uncertainty as not only a short-term risk

factor but also a structural driver of financial fragility across countries.

5.4.3 2SLS Regression Results

The results of the 2SLS regression are reported in Table 5.4, revealing pat-

terns similar to the baseline regression results presented in the previous sec-

tion.The 2SLS estimates confirm that higher Economic Policy Uncertainty

significantly increases market-wide tail risk, reinforcing the robustness of

the results and supporting a causal interpretation linking policy-related un-

certainty to extreme downside risk. Following Chatjuthamard et al. (2020)

and Yu et al. (2021), political polarization is employed as the instrumental

variable for the BBD index in the 2SLS regression.

This variable—measured through ideological distance, partisan fractional-

ization, or partisan conflict indices—has been empirically shown to drive

spikes in EPU, particularly during closely contested elections. For exam-

ple, Baker et al. (2016) documents a 28% increase in EPU during the

U.S. election month. In this study, polarization is proxied using data from

the V-Dem dataset, which provides comprehensive democracy indicators

235



5.4. EMPIRICAL ANALYSIS

and annual ratings of political polarization across countries. Addition-

ally, polarization evolves gradually over time and is largely unaffected by

short-term economic shocks, supporting the exclusion restriction. Struc-

turally, polarization affects EPU exclusively through its impact on policy

predictability, rather than through transient economic outcomes.

Using partisan polarization as an instrumental variable not only mitigates

endogeneity concerns but also enhances the identification of causal effects of

policy uncertainty shocks. Changes in partisan control within highly polar-

ized legislatures generate exogenous fluctuations in policy-making, which

include legislative gridlock and abrupt shifts in policy, and these fluctu-

ations systematically increase uncertainty (Agarwal et al., 2018). This

ensures a strong correlation between polarization and policy uncertainty,

satisfying the relevance condition of the IV. Concurrently, these partisan

divides are unlikely to influence outcomes through channels other than pol-

icy uncertainty, fulfilling the exclusion restriction. Evidence from empirical

finance supports these assumptions: for instance, studies that instrument

U.S. tax-policy uncertainty with Senate partisan splits report strong first-

stage F-statistics and significant 2SLS estimates (Tosun and Yildiz, 2020),

confirming both relevance and exogeneity. By isolating truly exogenous

variation in policy-driven uncertainty, the polarization-based IV allows the

estimated effect of EPU on outcomes, such as asset tail risk, to be inter-

preted as a causal impact rather than a spurious association. .

Table 5.4 reports the second-stage results of the two-stage least squares

(2SLS) estimation, which examines the effect of economic policy uncer-

tainty (EPU), proxied by the INS BBD index, on tail risk. Political po-

larization serves as the instrumental variable for EPU. Column (1) reports

results for the full sample of 23 countries, while Columns (2) and (3) present

estimates for developed and emerging economies, respectively.
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For the full sample (column (1) of Table 5.3), the coefficient on INS BBD

is 0.003∗ (coef. = 0.003, t = 1.719), indicating that higher economic pol-

icy uncertainty is associated with an increase in tail risk. The first-stage

relevance is supported by the Cragg–Donald Wald F statistic of 23.582,

which is well above the 10% critical value of 10.27, suggesting that weak

instrument concerns are not an issue in this specification. In developed

economies (column (2)), the coefficient is positive but statistically insignif-

icant (coef. = 0.003, t = 1.354), and the corresponding Cragg–Donald

Wald F statistic of 16.593 also exceeds the 10% critical threshold, alleviat-

ing weak instrument concerns. In contrast, for emerging markets (column

(3)), the estimated coefficient is 0.006∗∗ (coef. = 0.006, t = 2.111), nearly

twice as large as in the full sample and significant at the 5% level, with

the Cragg–Donald Wald F statistic of 12.153 still above the 10% critical

value, further supporting the validity of the instruments. Overall, these

results highlight the greater sensitivity of tail risk to policy uncertainty

while confirming the robustness of the IV estimates.

Regarding control variables, the output gap is strongly and positively asso-

ciated with tail risk in both the full sample and developed economies,with

coefficients of 0.075∗∗∗ (coef. = 0.075, t = 6.676) and 0.080∗∗∗ (coef. = 0.080,

t = 7.007), respectively. In emerging markets, however, the effect is small

and insignificant (coef. = 0.012, t = 0.577). Market volatility (VOL) signifi-

cantly increases tail risk only in emerging markets(coef. = 0.047, t = 4.048),

whereas it is insignificant in the full sample (coef. = 0.003, t = 1.111) and

in developed economies (coef. = 0.003, t = 0.789). Producer price infla-

tion (PPI -YOY ) is negative and significant in emerging markets(coef. =

−0.015, t = −3.410), but insignificant in the other two samples.

Other controls behave largely as expected but are mostly insignificant. In

developed economies, short-term lending rates have no effect (coef. = 0.000,
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t = 0.029), whereas in the full sample they are negative and highly signif-

icant(coef. = −0.052, t = −4.164), and in emerging markets also negative

and significant(coef. = −0.049, t = −2.028). Narrow money supply (M1 )

is negative and significant in developed economies (coef. = −0.001, t =

−2.547), but insignificant elsewhere. The level of GDP per capita is in-

significant in the full sample (coef. = 0.019, t = 0.326) and in developed

economies (coef. = 0.418, t = 1.450), but positive and significant in emerg-

ing markets(coef. = 0.182, t = 2.059). Geopolitical risk and unemployment

show no significant effect across any group.

Overall, these results indicate that economic policy uncertainty, as mea-

sured by INS BBD , amplifies tail risk particularly in emerging markets,

whereas its effect in developed economies is muted. The use of INS BBD

as an instrumental variable addresses potential endogeneity concerns, re-

inforcing the interpretation that the observed relationship is causal. By

leveraging the exogenous variation in the instrument, the analysis provides

robust evidence that economic policy uncertainty systematically influences

tail risk across countries, with the strongest effects observed in emerging

financial markets.

5.4.4 Robustness Check

In this subsection, the robustness test is conducted using alternative mea-

surements of economic policy uncertainty. According to Brogaard et al.

(2020), political uncertainty exerts a global influence on stock market per-

formance. As the largest economy, the United States has a significant

impact on the global equity market. This influence is further amplified

by the uncertainty surrounding U.S. elections. The effects of U.S. election

uncertainty can also propagate internationally, partly through the United
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States Security Council.

To examine this claim, this chapter introduces an alternative global polit-

ical uncertainty measure. The measure is constructed as a set of dummy

variables that equal one during periods one month, three months, and six

months prior to the U.S. presidential election. These variables are designed

to capture the heightened uncertainty associated with electoral outcomes.

Empirical results indicate that uncertainty related to U.S. elections signif-

icantly reduces stock market returns both in the U.S. and internationally.

Moreover, differing from the domestic BBD index used in the previous

section, this robustness analysis aims to test whether a proxy for global

Economic Policy Uncertainty is also relevant for stock market performance.

This approach is motivated by Hong et al. (2024), which provides evidence

that both domestic and global EPU indices exert causal effects on equity

markets. Consistent with their findings, similar effects are expected in the

empirical results presented in this subsection.

Therefore, in line with the hypothesis proposed in this chapter, it is as-

sumed that tail risk will also exhibit a positive relationship with this mea-

sure of political uncertainty. Following Brogaard et al. (2020), three dummy

variables, denoted as pre us 01 , pre us 03 , and pre us 06 , are set equal

to one for periods one month, three months, and six months prior to U.S.

election months. These variables are employed as the independent variables

in a modified specification of Eq. (5.4), as follows:

TAILi,t = β0 + β1 × pre us 01t + β2 × Controli,t−1

+ β3 × Countryi + β4 ×Montht + ϵi,t (5.5)
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TAILi,t = β0 + β1 × pre us 03t + β2 × Controli,t−1

+ β3 × Countryi + β4 ×Montht + ϵi,t (5.6)

TAILi,t = β0 + β1 × pre us 06t + β2 × Controli,t−1

+ β3 × Countryi + β4 ×Montht + ϵi,t (5.7)

Here, the panel regression follows the same specification as Eq. 5.4, except

that the independent variables are replaced by pre us 01 , pre us 03 , and

pre us 06 , as described above. Similarly, β1 represents the parameter of

interest and is expected to be significantly positive. TAILi,t denotes the

tail risk measurements described in Section 5.3.1. Control includes the

macroeconomic control variables: short-term interest rate (LENDING IR),

natural logarithm of GDP per capita growth rate (LN GDP PER CA),

the output gap (OUTPUT GAP), market volatility (VOL), year-on-year

PPI index change rate (PPI -YOY ), the narrow money supply (M1 ), the

unemployment rate(UNEMPLOYMENT ) and the Caldara and Iacoviello

geopolitical risk index (GEO POLITICAL). Countryi and Montht are

included to control for country- and month-fixed effects. Standard errors

are clustered at the country level to account for potential correlation within

a country.

The regression results are reported in Tables 5.5, 5.6, and 5.7 for pre us 01 ,

pre us 03 , and pre us 06 , respectively. Each set of regressions is conducted

for three sample groups, presented in three columns within each table.

According to Tables 5.5–5.7, the month immediately preceding the U.S.
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election exhibits a significant positive relationship with country-level tail

risk across all countries. Specifically, for the one-month pre-election proxy

(pre us 01 , Table 5.5), the coefficient is 1.199∗∗∗ (coef. = 1.199, t = 3.322)

for the full sample, 1.306∗∗ (coef. = 1.306, t = 2.375) for developed coun-

tries, and 0.628∗∗∗ (coef. = 0.628, t = 18.364) for emerging markets, indi-

cating a robust increase in tail risk across all groups.

For proxies three months (pre us 03 , Table 5.6) and six months (pre us 06 ,

Table 5.7) prior to the election, the coefficients for the full sample remain

positive and significant: 1.299∗∗ (coef. = 1.299, t = 1.963) and 1.344∗∗

(coef. = 1.344, t = 2.031), respectively. In developed countries, the coef-

ficients are larger and highly significant three and six months before the

election: 3.722∗∗∗ (coef. = 3.722, t = 5.025) and 3.781∗∗∗ (coef. = 3.781, t

= 5.087), whereas in emerging markets, the coefficients are either negative

or insignificant: −0.191 (coef. = -0.191, t = -0.188) and −0.791 (coef. =

-0.791, t = -0.778). These patterns suggest that the month immediately

preceding the election is particularly relevant, coinciding with the peak of

speculation and debate activity, and driving the strongest impact on tail

risk.

Overall, these results demonstrate the robustness of the relationship be-

tween U.S. election-related uncertainty and country-level tail risk, partic-

ularly in the month immediately preceding the election. The evidence

suggests that the observed effects are concentrated in this critical period,

consistent with heightened information asymmetry and market speculation.

Moreover, the differential patterns across developed and emerging markets

highlight the importance of institutional factors and market structure in

shaping the sensitivity of tail risk to political uncertainty.
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5.4.5 Horse Race Regression: EPU, Pandemic-related
Uncertainty, and Trade-related Uncertainty

Beyond the baseline regression with aggregate EPU, this section extends

the analysis by jointly considering alternative sources of uncertainty. Specif-

ically, the regression framework incorporates three indices simultaneously:

(i) the BBD index of Baker et al. (2016), capturing general economic policy

uncertainty; (ii) the pandemic-related uncertainty index (EPI ) developed

by Ahir et al. (2022), which measures the frequency of epidemic-related

discussions in Economist Intelligence Unit (EIU) country reports; and (iii)

the World Trade Uncertainty Index (WTUI ) of Ahir et al. (2022), con-

structed from the frequency of uncertainty terms surrounding trade-related

keywords such as tariffs, WTO, and protectionism. This “horse race” spec-

ification enables a direct comparison of the relative contributions of these

different dimensions of uncertainty to country-level tail risk.

The regression is specified as follows:

TAILi,t = β0 + β1 ×BBDi,t−1 + β2 × EPIi,t−1 + β3 ×WTUIi,t−1

+ β4 × Controli,t−1 + β5 × Countryi + β6 ×Montht + ϵi,t,

(5.8)

where TAILi ,t is the tail risk measure defined in Section 5.3.1. Control

includes the macroeconomic control variables: short-term interest rate

(LENDING IR), natural logarithm of GDP per capita growth rate (LN -

GDP PER CA), the output gap (OUTPUT GAP), market volatility (VOL),

year-on-year PPI index change rate (PPI -YOY ), the narrow money supply

(M1 ), the unemployment rate(UNEMPLOYMENT ) and the Caldara and

Iacoviello geopolitical risk index (GEO POLITICAL). Country and month
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fixed effects are included, with standard errors clustered at the country

level.

The estimation results are reported in Table 5.8. Several findings emerge.

First, the coefficient on aggregate BBD index is significantly positive in the

full sample (0.001∗∗∗, coef. = 0.001, t = 2.983) and in emerging markets

(0.001∗∗∗, coef. = 0.001, t = 2.705), consistent with the baseline regressions.

This reinforces the view that general policy uncertainty is a robust driver

of country-level tail risk.

Second, the pandemic-related uncertainty index (EPI ) does not exhibit a

significant effect in the full sample (coef. = 0, t = -0.587) or in emerging

markets (coef. = -0.001, t = -0.584), and is negative and highly signifi-

cant in developed countries (−0.001∗∗∗, coef. = -0.001, t = -3.850). This

suggests that pandemic shocks, such as COVID-19, influence tail risk pri-

marily through channels captured by broader policy uncertainty, rather

than exerting an independent effect.

Third, the trade-related uncertainty index (WTUI ) shows a marginally

significant positive effect in the full sample (0.005∗, coef. = 0.005, t =

1.887), but is insignificant in both developed (coef. = 0, t = -0.318) and

emerging markets (coef. = 0.002, t = 0.412). This indicates that trade

policy shocks, while important in specific episodes, do not consistently

explain cross-country variation in tail risk once aggregate policy uncertainty

is accounted for.

Taken together, these results indicate that aggregate EPU is the most con-

sistent and robust predictor of country-level tail risk, whereas thematic

uncertainty measures, including pandemic- and trade-related indices, pro-

vide weaker and less stable explanatory power. The findings suggest that

event-specific shocks primarily operate through the amplification of over-
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all policy uncertainty, reinforcing the dominant role of EPU in capturing

persistent variations in downside risk across countries.

5.5 Conclusions

This chapter provides strong evidence that economic policy uncertainty is

an important factor driving country-level stock market tail risk. Across

baseline regressions, instrumental variable estimates, robustness checks,

and horse race regressions, the results consistently show that higher un-

certainty increases the likelihood of extreme negative returns.

The baseline results indicate that the BBD index is positively associated

with tail risk, especially in emerging markets. This shows that markets with

weaker institutions and less mature financial systems are more sensitive

to policy shocks, as firms in these countries often face tighter financing

constraints and lower investor confidence. In practice, this means that

policy uncertainty can quickly lead to sharp declines in stock prices and

market instability in these economies.

The 2SLS estimations, which employ political polarization as an instrumen-

tal variable, support a causal interpretation of the relationship. The find-

ings suggest that political divisions and policy unpredictability heighten

financial risk, whereas stable and predictable policymaking can mitigate

market fragility.

Robustness checks using U.S. election-related uncertainty show that global

political events can also affect tail risk, with the strongest impact in the

month right before the election. This highlights how uncertainty in a major

economy like the U.S. can spill over to international markets, affecting

investment decisions, capital flows, and market stability worldwide.
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Finally, the horse race regressions show that overall economic policy un-

certainty is the most consistent predictor of tail risk, while specific shocks

from pandemics or trade disputes have weaker and less consistent effects.

This suggests that extreme events tend to increase risk mainly by raising

general uncertainty rather than creating independent effects.

Overall, the findings show that economic policy uncertainty is a key driver

of extreme market risk, both domestically and internationally. Investors

and policymakers should monitor uncertainty closely, as periods of height-

ened unpredictability can amplify market swings. Reducing policy uncer-

tainty and improving institutional credibility can help make markets more

stable, especially in emerging economies.
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5.6 Tables

Table 5.1: Summary Statistics

This table reports summary statistics of the variables employed in the chapter 5. n

denotes the number of observations, Mean is the average return, SD is the standard

deviation, p25 stands for the first quartile (25% percentile), p50 denotes the median

and p75 stands for the third quartile (75% percentile).

n Mean SD p25 p50 p75

TAIL 7,198 0.0436 -1.389 -0.11 0.128 0.408
BBD 7,198 125.4 83.27 75.51 103.3 145.2
GEO POLITICAL 5,906 0.409 0.625 0.0641 0.162 0.422
LENDING IR 6,098 8.57 11.42 3.25 5.575 9.315
LN GDP PER CA 6,747 9.787 1.088 9.233 10.14 10.59
OUTPUT GAP 6,899 -0.714 2.891 -1.828 -0.387 0.92
VOL 6,721 1.207 6.809 0.0972 0.135 0.205
PPI − YOY 6,280 3.813 13.71 -0.27 2.194 5.155
M1 6,273 75 63.03 30.14 65.56 103.6
UNEMPLOYMENT 6,337 7.47 4.298 4.5 6.879 9.2
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Table 5.2: Definition of Variables

This table lists the variables used in the empirical analysis. Column

(1) presents the variable names, Column (2) presents the definitions

of the variables and Column (3) presents the sources of the variables.

Variable Definition Source

TAIL The standardized tail risk measurement from
Kelly and Jiang (2012).

CRSP& DataStream

BBD The BBD index scaled by 100 from Baker et al.
(2016).

The Economic Policy
Uncertainty

GEO POLITICAL The geopolitical risk index from Caldara and Ia-
coviello (2022).

Caldara and Iacoviello
website

OUTPUT GAP The difference between the actual output of an
economy and its potential output.

IMF

LENDING IR The short-term interest rate measured by lend-
ing interest rate.

OECD

LN GDP PER CA The natural logarithm of the growth rate of
GDP per capital of different countries.

WorldBank

VOL The standard deviation of monthly return over
all listed securities of each country.

CRSP& DataStream

PPI −YOY The year-on-year Producer Price Index change
rate.

IMF

M1 Narrow money supply. OECD
UNEMPLOYMENT National unemployment rate in percentage. IMF

247



5.6. TABLES

Table 5.3: Baseline Relationship Between the BBD Index and Tail Risk

This table reports the estimation results of the baseline regression model in Eq. (5.2).
The measures of TAIL is the tail risk measurement and see Section 5.3.1 for a detailed
description. BBD is the BBD index scaled by 100 from Baker et al. (2016) proxied for
Economy Policy Uncertainty. LENDING IR is the short-term interest rate measured by
lending interest rate. LN GDP PER CA is the natural logarithm of GDP per capita of
different countries. OUTPUT GAP is the the percentage deviation of actual GDP from its
potential level of different countries. VOL is The standard deviation of monthly return over
all listed securities of each country. PPI −YOY is the year-on-year Producer Price Index
change rate. M1 is the narrow money supply. UNEMPLOYMENT is the unemployment rate
of different countries. Columns (1) reports the estimation results for models with all samples
included. Columns (2) reports the estimation results with samples of developed countries,
and column (3) with both countries of emerging markets. Month Fixed and country fixed
effects are included. Standard errors are clustered at the firm level. t-statistics are reported
in parentheses. *, **, and *** indicate statistical significance at the 10%, 5%, and 1%,
respectively.
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(All) (Dev.) (Emer.)

TAIL TAIL TAIL

GEO POLITICAL 0.133** 0.294*** 0.405***

(3.680) (5.792) (3.680)

LENDING IR -0.006 -0.016 0.018***

(-0.874) (-1.345) (2.726)

LN GDP PER CA 1.265*** 0.026 0.805***

(12.589) (0.358) (9.603)

OUTPUT GAP 0.029** 0.045*** 0.025**

(2.448) (3.240) (1.988)

VOL 0.016*** 0.015*** 0.019***

(4.678) (3.808) (2.622)

PPI − YOY -0.033*** 0 -0.010***

(-5.923) (-0.081) (-3.626)

M1 0.001** 0 0.002**

(2.184) (0.094) (2.495)

UNEMPLOYMENT -0.014* -0.012 0.007

(-1.674) (-1.175) (0.347)

BBD 0.001** 0 0.001*

(2.238) (1.362) (1.733)

Country Fixed Effects Y Y Y

Month Fixed Effects Y Y Y

Cluster Y Y Y

Observations 3,140 2,367 773

R-squared 0.353 0.063 0.37
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Table 5.4: 2SLS Results of the BBD Index and Tail Risk

This table reports the 2SLS regression estimation results of the baseline regression model
in Eq. (5.2). The measures of TAIL is the tail risk measurement and see Section 5.3.1 for
a detailed description. The key explanatory variable, INS EPU , refers to the instrumented
economic policy uncertainty measure: the fitted values of the BBD index (Baker et al.,
2016), scaled by 100, obtained from the first-stage regression using political polarization as
an instrument. LENDING IR is the short-term interest rate measured by lending interest
rate. LN GDP PER CA is the natural logarithm of GDP per capita of different countries.
OUTPUT GAP is the the percentage deviation of actual GDP from its potential level
of different countries. VOL is The standard deviation of monthly return over all listed
securities of each country. PPI −YOY is the year-on-year Producer Price Index change
rate. M1 is the narrow money supply. UNEMPLOYMENT is the unemployment rate of
different countries. Columns (1) reports the estimation results for models with all samples
included. Columns (2) reports the estimation results with samples of developed countries,
and column (3) with both countries of emerging markets. Month Fixed and country fixed
effects are included. Standard errors are clustered at the firm level. t-statistics are reported
in parentheses. *, **, and *** indicate statistical significance at the 10%, 5%, and 1%,
respectively.
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(All) (Dev.) (Emer.)

TAIL TAIL TAIL

GEO POLITICAL -0.029 -0.061 0.060

(-0.755) (-1.410) (0.278)

LENDING IR -0.052*** 0.000 -0.049**

(-4.164) (0.029) (-2.028)

LN GDP PER CA 0.019 0.418 0.182**

(0.326) (1.450) (2.059)

OUTPUT GAP 0.075*** 0.080*** 0.012

(6.676) (7.007) (0.577)

VOL 0.003 0.003 0.047***

(1.111) (0.789) (4.048)

PPI − YOY -0.008 -0.008 -0.015***

(-1.444) (-0.881) (-3.410)

M1 -0.001 -0.001** 0.001

(-1.627) (-2.547) (0.292)

UNEMPLOYMENT -0.004 0.013 -0.006

(-0.745) (0.712) (-0.290)

INS BBD 0.003* 0.003 0.006**

(1.719) (1.354) (2.111)

Country Fixed Effects Y Y Y

Month Fixed Effects Y Y Y

Cluster Y Y Y

Observations 3,558 2,959 599

R-squared 0.234 0.256 0.655

Cragg Donald Wald F stat 23.582 16.593 12.153

Critical Value (10%) 10.27 10.27 10.27
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Table 5.5: Robustness Test Using Indicator for One Month Prior to U.S.
Election

This table reports the estimation results of the baseline regression model in Eq. (5.2). The
measures of TAIL is the tail risk measurement and see Section 5.3.1 for a detailed descrip-
tion. pre us 01 is the indicator of months one period prior U.S. election. LENDING IR is
the short-term interest rate measured by lending interest rate. LN GDP PER CA is the
natural logarithm of GDP per capita of different countries. OUTPUT GAP is the the per-
centage deviation of actual GDP from its potential level of different countries. VOL is The
standard deviation of monthly return over all listed securities of each country. PPI −YOY
is the year-on-year Producer Price Index change rate. M1 is the narrow money supply.
UNEMPLOYMENT is the unemployment rate of different countries. Columns (1) reports
the estimation results for models with all samples included. Columns (2) reports the esti-
mation results with samples of developed countries, and column (3) with both countries of
emerging markets. Month fixed and country fixed effects are included. Standard errors are
clustered at the firm level. t-statistics are reported in parentheses. *, **, and *** indicate
statistical significance at the 10%, 5%, and 1%, respectively.
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(All) (Dev.) (Emer.)

TAIL TAIL TAIL

GEO POLITICAL 0.135* -0.049 0.127

(1.794) (-0.477) (0.675)

LENDING IR -0.005 -0.170** 0.025**

(-0.178) (-3.304) (2.983)

LN GDP PER CA 0.766* 1.746* 0.536**

(2.070) (2.325) (3.385)

OUTPUT GAP 0.006 0.038 -0.006

(0.170) (0.658) (-0.158)

VOL 0.015** 0.013* 0.024***

(2.332) (2.155) (4.244)

PPI − YOY -0.047 0.11 -0.075**

(-1.646) (1.234) (-2.697)

M1 0 -0.001** -0.003

(-0.262) (-2.904) (-0.243)

UNEMPLOYMENT -0.065 -0.055 -0.123*

(-1.533) (-0.916) (-2.552)

pre us 01 1.199*** 1.306** 0.628***

(3.322) (2.375) (18.364)

Country Fixed Effects Y Y Y

Month Fixed Effects Y Y Y

Cluster Y Y Y

Observations 3,140 2,367 773

R-squared 0.352 0.374 0.689
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Table 5.6: Robustness Test Using Indicator for Three Months Prior to U.S.
Election

This table reports the estimation results of the baseline regression model in Eq. (5.2). The
measures of TAIL is the tail risk measurement and see Section 5.3.1 for a detailed descrip-
tion. pre us 03 is the indicator of months three periods prior U.S. election. LENDING IR
is the short-term interest rate measured by lending interest rate. LN GDP PER CA is the
natural logarithm of GDP per capita of different countries. OUTPUT GAP is the the per-
centage deviation of actual GDP from its potential level of different countries. VOL is The
standard deviation of monthly return over all listed securities of each country. PPI −YOY
is the year-on-year Producer Price Index change rate. M1 is the narrow money supply.
UNEMPLOYMENT is the unemployment rate of different countries. Columns (1) reports
the estimation results for models with all samples included. Columns (2) reports the esti-
mation results with samples of developed countries, and column (3) with both countries of
emerging markets. Month fixed and country fixed effects are included. Standard errors are
clustered at the firm level. t-statistics are reported in parentheses. *, **, and *** indicate
statistical significance at the 10%, 5%, and 1%, respectively.
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(All) (Dev.) (Emer.)

TAIL TAIL TAIL

GEO POLITICAL 0.140** 0.005 0.318**

(2.545) (0.085) (2.497)

LENDING IR -0.004 -0.142*** 0.015**

(-0.541) (-7.176) (2.067)

LN GDP PER CA 1.259*** 1.613*** 0.867***

(12.531) (8.861) (4.688)

OUTPUT GAP 0.033*** 0.046** 0.039**

(2.778) (2.505) (1.982)

VOL 0.016*** 0.015*** 0.026**

(4.738) (3.989) (2.191)

PPI − YOY -0.001 0.016 -0.010***

(-0.247) (1.612) (-2.914)

M1 -0.001** -0.001** 0.004

(-2.207) (-2.206) (1.009)

UNEMPLOYMENT -0.013 -0.024** 0.017

(-1.544) (-2.130) (0.737)

pre us 03 1.299** 3.722*** -0.191

(1.963) (5.025) (-0.188)

Country Fixed Effects Y Y Y

Month Fixed Effects Y Y Y

Cluster Y Y Y

Observations 3,140 2,367 773

R-squared 0.352 0.374 0.689
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Table 5.7: Robustness Test Using Indicator for Six Month Prior to U.S.
Election

This table reports the estimation results of the baseline regression model in Eq. (5.2). The
measures of TAIL is the tail risk measurement and see Section 5.3.1 for a detailed descrip-
tion. pre us 06 is the indicator of months six periods prior U.S. election. LENDING IR
is the short-term interest rate measured by lending interest rate. LN GDP PER CA is the
natural logarithm of GDP per capita of different countries. OUTPUT GAP is the the per-
centage deviation of actual GDP from its potential level of different countries. VOL is The
standard deviation of monthly return over all listed securities of each country. PPI −YOY
is the year-on-year Producer Price Index change rate. M1 is the narrow money supply.
UNEMPLOYMENT is the unemployment rate of different countries. Columns (1) reports
the estimation results for models with all samples included. Columns (2) reports the esti-
mation results with samples of developed countries, and column (3) with both countries of
emerging markets. Month fixed and country fixed effects are included. Standard errors are
clustered at the firm level. t-statistics are reported in parentheses. *, **, and *** indicate
statistical significance at the 10%, 5%, and 1%, respectively.
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(All) (Dev.) (Emer.)

TAIL TAIL TAIL

GEO POLITICAL 0.140** 0.005 0.318**

(2.545) (0.085) (2.497)

LENDING IR -0.004 -0.142*** 0.015**

(-0.541) (-7.176) (2.067)

LN GDP PER CA 1.259*** 1.613*** 0.867***

(12.531) (8.861) (4.688)

OUTPUT GAP 0.033*** 0.046** 0.039**

(2.778) (2.505) (1.982)

VOL 0.016*** 0.015*** 0.026**

(4.738) (3.989) (2.191)

PPI − YOY -0.001 0.016 -0.010***

(-0.247) (1.612) (-2.914)

M1 -0.001** -0.001** 0.004

(-2.207) (-2.206) (1.009)

UNEMPLOYMENT -0.013 -0.024** 0.017

(-1.544) (-2.130) (0.737)

pre us 06 1.344** 3.781*** -0.791

(2.031) (5.087) (-0.778)

Country Fixed Effects Y Y Y

Month Fixed Effects Y Y Y

Cluster Y Y Y

Observations 4,320 2,662 1,658

R-squared 0.352 0.374 0.689
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Table 5.8: Robustness Test Using the Index of Discussion on Epidemics
and World Trade Policy Uncertainty

This table reports the estimation results of the baseline regression model in Eq. (5.2). The
measures of TAIL is the tail risk measurement and see Section 5.3.1 for a detailed description.
BBD is the BBD index scaled by 100 from Baker et al. (2016) proxied for Economy Policy
Uncertainty. EPI is the index of discussion about epidemic. WTUI is the index of world
trade uncertainty. See Section 5.4.5 for detailed description. LENDING IR is the short-term
interest rate measured by lending interest rate. LN GDP PER CA is the natural logarithm
of GDP per capita of different countries. OUTPUT GAP is the the percentage deviation of
actual GDP from its potential level of different countries. VOL is The standard deviation
of monthly return over all listed securities of each country. PPI −YOY is the year-on-year
Producer Price Index change rate. M1 is the narrow money supply. UNEMPLOYMENT is
the unemployment rate of different countries. Columns (1) reports the estimation results for
models with all samples included. Columns (2) reports the estimation results with samples
of developed countries, and column (3) with both countries of emerging markets. Month
fixed and country fixed effects are included. Standard errors are clustered at the firm level.
t-statistics are reported in parentheses. *, **, and *** indicate statistical significance at the
10%, 5%, and 1%, respectively.
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(All) (Dev.) (Emer.)

TAIL TAIL TAIL

GEO POLITICAL 0.127*** 0.162*** 0.302***

(5.169) (3.003) (3.801)

LENDING IR -0.006*** -0.068*** -0.011***

(-2.789) (-4.107) (-3.932)

LN GDP PER CA 0.088*** 0.166** 0.373***

(4.120) (2.137) (10.112)

OUTPUT GAP 0.077*** 0.037** 0

(8.683) (2.398) (-0.030)

VOL 0.011*** 0.012*** 0.027**

(3.303) (3.200) (2.321)

PPI − YOY -0.001 -0.028*** -0.015***

(-0.404) (-4.890) (-4.581)

M1 0.001* 0 0.013***

(1.650) (1.282) (4.700)

UNEMPLOYMENT -0.006 -0.024** 0.036***

(-1.378) (-2.301) (3.051)

BBD 0.001*** 0 0.001***

(2.983) (-0.181) (2.705)

EPI 0 -0.001*** -0.001

(-0.587) (-3.850) (-0.584)

WTUI 0.005* 0 0.002

(1.887) (-0.318) (0.412)

Country Fixed Effects Y Y Y

Month Fixed Effects Y Y Y

Cluster Y Y Y

Observations 2,845 2,072 773

R-squared 0.268 0.123 0.682
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6.1. OVERVIEW

6.1 Overview

This chapter aims at describing the findings of each chapter which consist of

the research aims of this thesis, from which a overall summary for this thesis

can be drawn. After the main findings and summaries of each chapter,

the contribution related to each research topic and its limitation will be

discussed, in order to motivate further investigation into related research

work. Recommendations about related fruitful areas will be then given.

6.2 Main Findings

This thesis investigates several critical factors influencing tail risk in stock

markets and explores the mechanisms underlying the causal relationships

between these factors and extreme market outcomes.

6.2.1 Study One

The first study examines the effect of firm-level exposure to climate change

on the risk of stock price crashes, grounded in the theory of bad news

hoarding. The empirical evidence indicates that firms with greater ex-

posure to climate-related risks are more likely to experience stock price

crashes, particularly in periods of consecutive positive earnings, suggesting

that managers may withhold adverse information to maintain short-term

performance. Consistent with the theoretical framework, public attention

to climate change mitigates the tendency to hoard bad news, thereby alle-

viating the extent of stock price crashes.

The causal impact of the unexpected election of President Trump on firms

exposed to climate regulations is confirmed through a difference-in-differences
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framework. Firms with regulatory exposure in the year preceding the shock

experienced a disproportionate reduction in crash risk relative to unaffected

firms. The findings are further reinforced through two placebo tests: one

using randomly assigned treated and control groups, and another examin-

ing the Obama administration period. Both tests show no significant effect,

enhancing the credibility of the main results.

The findings carry several implications. Managers should recognize that

regulatory exposure may increase stock price crash risk, prompting the

need for prudent risk management. Investors can use climate exposure in-

formation to assess downside-tail risk and implement protective portfolio

strategies. Policymakers, in turn, should consider the unintended mar-

ket consequences of climate regulations, ensuring that interventions do not

destabilize financial markets. Overall, this study provides valuable insights

for investors and regulators, highlighting the role of climate-related infor-

mation in shaping firm-level financial risk.

6.2.2 Study Two

The second study investigates the relationship between debt-based incen-

tives for CEOs and CFOs and information asymmetry, with a particular

focus on intangible asset intensity. Debt-based compensation is believed to

motivate managers to reduce bankruptcy risk, thereby discouraging uneth-

ical behavior and fostering more conservative financial decisions. Empirical

results show a negative relationship between debt-based compensation for

both CEOs and CFOs and intangible intensity, suggesting that higher de-

ferred incentives encourage prudent management.

Multiple methods are employed to validate these findings. Baseline OLS re-

gressions demonstrate the negative effect of debt-based compensation on in-
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tangible intensity, while instrumental variable (IV) and change-in-variables

quantile regressions address potential endogeneity concerns and reinforce

causal inference. To further ensure robustness, the bid–ask spread is em-

ployed as an alternative measure of information asymmetry, and the results

remain consistent. Notably, considering all methods applied, a particularly

strong effect for CEOs is applied when both executive roles are considered

simultaneously, indicating that CEO incentives may carry more weight in

driving conservative corporate decisions than those of CFOs.

6.2.3 Study Three

The third study explores the impact of Economic Policy Uncertainty (EPU)

on country-level stock market tail risk. Using the BBD index as a proxy

for EPU, the analysis reveals a robust positive relationship between policy

uncertainty and tail risk across all countries, with consistent results for

emerging markets. The robustness of these findings is confirmed using

alternative indicators, including periods one, three, and six months before

U.S. presidential elections, capturing the temporal dynamics of political

uncertainty. To address potential endogeneity and establish causality, an

additional test is conducted using political polarization as an instrumental

variable, further confirming the robustness of the results.

Furthermore, this study examines the influence of global shocks, includ-

ing pandemics and trade policy uncertainty. The weighted discussion of

epidemics and the World Trade Uncertainty Index (WTUI) are both posi-

tively associated with tail risk, demonstrating that extreme events affecting

the real economy also amplify financial market risk. Emerging markets, in

particular, exhibit heightened sensitivity to these shocks, reflecting differ-

ences in institutional quality, market depth, and economic resilience. These
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findings underscore the importance for investors to consider global and do-

mestic uncertainty when evaluating market risk, especially in the context

of highly disruptive events such as the COVID-19 pandemic and trade con-

flicts.

Overall, the results of Study Three highlight that tail risk in national eq-

uity markets is not only influenced by domestic policy uncertainty but

also by global economic and political shocks. This emphasizes the neces-

sity for investors and policymakers to adopt comprehensive risk assessment

frameworks that account for both local and international sources of un-

certainty. The findings provide empirical support for the theoretical view

that uncertainty affects the macroeconomy at both the firm and market lev-

els, reinforcing the importance of monitoring extreme events for financial

decision-making.

6.2.4 Overall Implications

Taken together, the three studies offer a comprehensive understanding of

the determinants of tail risk in financial markets. They reveal that both

firm-specific factors, such as climate regulation exposure and managerial

incentives, and macro-level uncertainties, including economic policy, pan-

demics, and trade shocks, significantly shape the likelihood of extreme

negative market outcomes. For investors, this research underscores the

necessity of incorporating these risk factors into portfolio management

and strategic decision-making. For managers, it highlights the importance

of aligning incentives to promote conservative and transparent decision-

making. Finally, for policymakers, the findings emphasize that regulatory

and policy interventions can have unintended consequences on market sta-

bility, necessitating careful consideration of their broader financial impacts.
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6.3 Contributions

6.3.1 Study One

This chapter makes multiple contributions to the field of green finance

and financial risk research. Firstly, it enriches the understanding of green

finance by providing empirical evidence on the direct link between climate-

related risks and stock market performance. While previous studies have

demonstrated that climate change can affect corporate performance and

influence policy-making, thereby indirectly impacting financial markets (Il-

han et al., 2021; Ryan, 2012; Seltzer et al., 2022), this chapter establishes a

more concrete connection at the firm level, showing that exposure to climate

change increases the risk of stock price crashes. Moreover, it emphasizes

the role of managerial behavior in amplifying such risks: managers, faced

with the possibility of market devaluation and potential costs associated

with climate-related exposure, may hoard negative information. This be-

havioral channel provides a nuanced understanding of how environmental

risks translate into financial tail risk, offering insights not only for investors

in managing climate-related financial risk but also for policymakers in eval-

uating the broader market consequences of environmental regulations. In

addition, the chapter highlights the mitigating effect of public attention to

climate change, which reduces managers’ incentive to conceal bad news,

suggesting that information transparency and societal awareness can play

a stabilizing role in financial markets.

Secondly, this chapter contributes to the literature on stock price crash

risk by integrating environmental exposure as a determinant of firm-level

crashes. Previous theoretical and empirical research has examined multi-

ple channels affecting crash risk, including earnings opacity (Hutton et al.,

2009), executive incentives (Kim et al., 2011a; Andreou et al., 2017), firm
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innovation strategies (Jia, 2018), and product market threats (Li and Zhan,

2019). Building on these foundations, this study adds climate-related expo-

sure as a novel factor motivating managers to hoard adverse firm-specific

news. It demonstrates that the anticipation of negative financial conse-

quences associated with climate change can directly influence managerial

decision-making, thereby exacerbating the likelihood of stock price crashes.

By doing so, the chapter extends the theoretical understanding of the in-

terplay between environmental risk, managerial incentives, and financial

market stability, offering both predictive insights for investors and a foun-

dation for further research on environmental factors as drivers of extreme

market events.

6.3.2 Study Two

This chapter contributes to the literature in several important ways. Firstly,

it expands the understanding of the relative importance of CEOs and CFOs

in corporate decision-making. While the role of CFOs is often considered

secondary to that of CEOs, as CEOs have the authority to replace CFOs

who may act in accordance with their directives (Mian, 2001; Fee and Had-

lock, 2004), existing research also suggests that CFOs can exert influence

equal to or even greater than CEOs in certain corporate finance contexts

(Kim et al., 2011a; Chava and Purnanandam, 2010). By analyzing the in-

teraction between executive incentives and corporate risk-taking, this study

demonstrates that CEOs tend to maintain dominance over CFOs in shap-

ing financial policies, particularly in decisions related to the management of

intangible assets and the control of information asymmetry. This provides

a nuanced understanding of how the dynamics between top executives can

influence corporate governance and strategic decision-making, highlight-

ing the differential impact of executive roles in shaping firm behavior and
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financial outcomes.

Secondly, this chapter provides significant insights into the importance of

debt-based compensation, particularly inside debt, and its relationship with

intangible asset intensity. While traditional literature emphasizes the role

of equity-based incentives in aligning managerial interests with sharehold-

ers, this chapter highlights that debt-based compensation plays a critical

and complementary role in motivating conservative managerial behavior.

By tying managerial rewards to the avoidance of bankruptcy and the pro-

tection of corporate liquidation value (Edmans and Liu, 2011; Noe, 2009;

Nachman and Noe, 1995), inside debt directly influences executives’ risk-

taking decisions. The findings show that higher levels of debt-based com-

pensation are associated with a reduction in the intensity of intangible

assets held by the firm, suggesting that managers with substantial inside

debt are incentivized to make more cautious investment choices. This un-

derscores the relevance of inside debt in corporate finance research and

demonstrates its importance as a mechanism to mitigate agency problems,

particularly in firms with significant intangible asset holdings.

Thirdly, this chapter contributes to the broader understanding of intangi-

ble assets as both a source of firm value and a potential driver of infor-

mation asymmetry. Intangible assets, such as R&D investments, patents,

and proprietary technologies, have become central to firm competitiveness

and economic growth over recent decades. However, the lack of physical

form and observable market prices complicates their valuation and cre-

ates opportunities for managerial discretion, which can exacerbate agency

problems (Noe, 2009). By linking the structure of debt-based compensation

to managerial decisions regarding intangible assets, this study illuminates

a previously underexplored determinant of intangible asset holdings. It

shows that executives’ risk-taking incentives significantly influence both
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the quantity and quality of intangible investments, offering critical insights

for investors, policymakers, and researchers concerned with innovation, cor-

porate governance, and financial reporting transparency.

6.3.3 Study Three

This chapter contributes to the literature in multiple important ways.

Firstly, it extends research on the topic of Economic Policy Uncertainty

(EPU) and its impact on financial markets. While prior studies have es-

tablished that EPU can serve as a priced risk factor in option markets and

a predictor for future stock market volatility, relatively few works have sys-

tematically linked EPU to extreme market events at an aggregated, market-

wide level. Luo and Zhang (2020) examines the relationship between EPU

and firm-level stock price crash risk, but the extent to which these find-

ings hold at the country level remained unclear. This chapter addresses

this gap by conducting cross-country analyses that examine the influence

of EPU on country-level tail risk. By considering different country groups,

including developed economies and emerging markets, the study provides

robust evidence that policy uncertainty is a significant determinant of ex-

treme market outcomes across diverse institutional and economic settings,

highlighting the global relevance of EPU for financial stability and risk

management.

Secondly, this chapter advances the understanding of the determinants of

aggregated tail risk. Tail risk, representing the likelihood of extreme ad-

verse outcomes in financial markets, has long been recognized as a criti-

cal component of systemic risk. However, identifying the drivers of time-

varying tail risk has proven challenging, as most theoretical frameworks

treat rare economic disasters as exogenous shocks while focusing on mar-
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ket volatility to explain asset pricing anomalies. This study demonstrates

that EPU can serve as a fundamental source of uncertainty that drives

aggregated tail risk by affecting the economic environment and shaping

investor expectations. By analyzing the common components of firm-level

tail risks, the research captures the systematic concerns of market partic-

ipants, offering a deeper understanding of how policy-induced uncertainty

propagates through financial markets and manifests as extreme events at

the country level.

Thirdly, this chapter contributes methodologically by leveraging the tail

risk measurement proposed by Kelly and Jiang (2014), which captures the

aggregate components of infrequent extreme events while accounting for

their time-varying nature. Unlike firm-level analyses that focus on idiosyn-

cratic failures, this approach integrates stock market performance across

all securities within a country, providing a comprehensive view of market-

wide tail risk. By doing so, the study offers practical insights for investors,

portfolio managers, and policymakers, emphasizing that monitoring EPU is

essential for understanding and mitigating extreme financial outcomes. The

results provide empirical evidence that policy uncertainty is not merely a

theoretical risk factor but a measurable source of systematic risk that can

influence investment decisions, market regulation, and broader financial

stability considerations.

6.4 Limitations and Recommendations for

Future Studies

The limitations of this research arise from several aspects, which can be

considered separately for each study. A primary limitation of the research

is that the empirical samples used in Chapters 3 and 4 are exclusively
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drawn from the U.S. market. As the largest and most developed economy

in the world, the U.S. market provides a suitable context to test theoretical

frameworks due to its high market efficiency and data availability. How-

ever, this focus also constrains the generalizability of the empirical findings.

Evidence from Chapter 5 suggests that the influence of key economic and

policy factors on tail risk is not uniform across countries with different

levels of economic development. Unique policy-making processes, institu-

tional structures, and market regulations in other countries may interact

with firm- and country-level factors in ways that differ from the U.S. con-

text. As a result, there is no certainty that the relationships identified in

the first two chapters would hold in other markets.

Expanding the empirical analysis to a global context presents several chal-

lenges, primarily related to the measurement of key determinants that in-

fluence firm-level and country-level tail risks. For instance, previous studies

have measured managerial political orientation through corporate political

contributions to different parties in the U.S.; however, such data are gen-

erally unavailable or inapplicable in many other countries. Differences in

political systems across nations further complicate the use of analogous

proxies, making it difficult to identify a commonly accepted measure of

political orientation in a cross-country setting. Similar challenges arise

when considering cultural or religious factors, as well as other important

determinants that have been shown in prior research to significantly affect

financial outcomes. Although these factors are crucial for a comprehensive

understanding of tail risk, their measurement limitations constrain the fea-

sibility of extending the analysis beyond the U.S., thereby highlighting an

important direction for future research.

Secondly, specifically for Chapter 4, the inference regarding the linkage

between top executive teams’ inside debt holdings and a firm’s intangible
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asset intensity relies on the assumptions that inside debt motivates risk-

averse behavior and that intangible assets inherently introduce information

asymmetry. However, the underlying channel through which these relation-

ships are formed remains somewhat unclear due to the limited research on

determinants of corporate intangible asset holdings. Accurately identifying

and classifying intangible assets is inherently challenging because of their

lack of physical form and the difficulty of measuring the future economic

value generated by activities such as R&D. The intangible intensity metric

employed, as introduced by Clausen and Hirth (2016), is an indirect proxy

that reflects the efficiency of tangible asset utilization relative to total as-

sets. Future research could build on this study by investigating the precise

mechanisms linking executive incentives to intangible asset accumulation

or by providing direct evidence of how these incentives affect agency costs

and information asymmetry within firms.

Thirdly, from the perspective of the empirical methodology, the analyses in

Chapter 5 employed panel regressions using country-level EPU and aggre-

gated market-level tail risk, but did not fully account for the time-varying

nature of tail risk. As described in Kelly and Jiang (2014), the construction

of the tail risk measure is based on a time-varying threshold of extremely

negative returns, which implies that the tail risk series may be influenced

by contemporaneous volatility dynamics. Kelly and Jiang (2012) mod-

els this threshold as an autoregressive process updated by recent extreme

return observations and develops the properties of maximum likelihood es-

timation under this assumption, emphasizing that the tail risk measure is

fundamentally a time-dependent function. Future studies could incorporate

time series methodologies or dynamic panel techniques to better account

for these temporal dependencies, thereby providing more robust estimates

of the effect of policy uncertainty on aggregated tail risk.
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6.5 Summary

This thesis aims to investigate several determinants of left-tail extreme

events in security markets, spanning from firm-specific idiosyncratic factors

to market-wide tail risks, thereby contributing to the study of rare disasters

in financial markets from multiple perspectives. The overarching goal is to

provide a comprehensive understanding of the drivers of extreme negative

returns and to highlight the implications for investors, policymakers, and

researchers.

Chapter 3 explores the relationship between firm-level exposure to climate

change and the risk of firm-specific stock price crashes. The analysis re-

veals a significant positive relationship, suggesting that firms more exposed

to climate-related risks are more susceptible to extreme downside events.

Drawing on the theory of bad news hoarding, this effect arises because man-

agers of exposed firms are more likely to conceal adverse information, which

eventually amplifies the likelihood of a stock price crash when such informa-

tion is inevitably revealed. The effect is further strengthened when public

attention to climate change increases, as measured by the Google Search

Volume index (SVI), indicating that greater societal concern can moderate

managerial behavior by discouraging the concealment of negative informa-

tion. Furthermore, the chapter incorporates an external policy shock—the

surprising election of President Trump—to examine the causal impact of

climate-related policy reversals on stock price crash risk. By implement-

ing a Difference-in-Differences (DiD) framework, the analysis demonstrates

that firms highly exposed to climate policies, particularly those reliant on

traditional energy sources, benefited from the policy shift, experiencing a

reduced likelihood of stock price crashes.

Chapter 4 shifts focus to the corporate internal decision-making process,
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specifically examining the relationship between top executive teams’ risk-

taking incentives and the level of intangible assets held by a firm. In-

tangible assets, as critical drivers of innovation and economic growth, are

inherently difficult to value and classify due to their lack of physical form,

which also introduces information asymmetry and potential agency costs.

Motivated by prior research linking intangible assets to managerial opac-

ity, this chapter investigates how CEO and CFO debt-based compensation

influences firms’ decisions regarding intangible asset intensity. Employing

panel regression, instrumental variable techniques, and quantile regression

using first differences of relevant variables, the findings consistently indi-

cate a negative relationship between executives’ inside debt holdings and

the intensity of intangible assets. This suggests that debt-based incentives

encourage more conservative corporate investment decisions, limiting exces-

sive accumulation of hard-to-value assets. Comparative analysis between

CEOs and CFOs further indicates that CEO incentives generally have a

stronger influence on intangible asset policy, highlighting the differential

impact of top executives on strategic corporate choices.

Chapter 5 examines the determinants of market-wide tail risk, focusing

on the role of Economic Policy Uncertainty (EPU). Building on the lit-

erature that aggregates firm-level shocks into market-level tail risk, such

as Gabaix (2011), this chapter applies the tail risk measurement devel-

oped by Kelly and Jiang (2014) to capture extreme downside movements

across 23 national markets. The empirical analysis investigates the impact

of country-level EPU, proxied by the BBD index, on aggregate tail risk.

Panel regressions provide robust evidence that higher EPU is associated

with increased market-wide tail risk, confirming that macroeconomic pol-

icy uncertainty is a significant driver of extreme market outcomes. Further

investigation distinguishes between different dimensions of EPU, includ-
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ing concerns about the pandemic, which surged following the outbreak of

COVID-19, and trade policy uncertainty, which escalated during the trade

tensions between China and the U.S. Both dimensions are found to have

less substantial effects on aggregate tail risk than EPU proxy, referred to as

BBD index, highlighting the global relevance of policy-driven uncertainty

and its implications for financial stability.

Overall, this thesis contributes to a deeper understanding of extreme neg-

ative events in financial markets by integrating analyses at the firm level,

corporate governance level, and macroeconomic level. It provides insights

into the mechanisms through which environmental exposure, managerial

incentives, and policy uncertainty shape the risk of tail events, offering

practical implications for risk management, corporate strategy, and policy

evaluation.
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