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This dissertation contains three essays that explore topics in corporate finance and banking.

Chapter 1 studies the role of board’s political connections in corporate misconduct. Leveraging

a policy shock in China that mandated politically connected directors to resign from corporate

boards, I find that following the disruption in political connections, firms become less prone to

commit misconduct while their misconduct is more likely to be detected. The elimination of political

connections on board is particularly effective in deterring and detecting high-level offenses. The

effects of the policy are also more pronounced for non-state-owned enterprise and firms in regions

with lower level of corruption. I also find that firms affected by the shock are more inclined to

initiate Directors and Officers insurance coverage and executives from such firms exhibit more

negative sentiments in communications. Overall, the results suggest that political connections may

shape firm compliance and facilitate a more lenient regulatory environment for the firm, thereby

posing significant challenges to effective regulatory oversight.



In Chapter 2, a joint work with Stefan Jacewitz and Haluk Unal, we argue that bank hold-

ing companies (BHCs) extend shadow insurance to the prime institutional money market funds

(PI-MMFs) they sponsor and that PI-MMFs price this shadow insurance by charging investors

significantly higher expense ratios and paying lower net yields. We provide evidence that after

September 2008, expense ratios at BHC-sponsored PI-MMFs increased more than at non-BHC-

sponsored PI-MMFs. Despite higher expense ratios, BHC-sponsored PI-MMFs did not experience

larger redemptions than non-BHC-sponsored PI-MMFs. In addition, we show that expense ratios

increased with BHCs’ financial strength and the likelihood of their support; however, this expense

ratio differential disappeared after the 2016 MMF reform.

Chapter 3 studies how the revelation of financial misconduct affects the peer firms of the accused

firm. I find that such spillover effect exists in both equity and debt markets using event study

approach and staggered difference-in-differences design. In the equity market, the peer firms of the

accused firm suffer significant negative cumulative abnormal returns. In the debt markets, both

loans and bonds of the peer firms exhibit significantly higher spread over the benchmark risk-free

rate following the misconduct revelation. Peer firms that employ the same auditor as the accused

firm are more adversely affected. These peer firms not only experience even lower cumulative

abnormal returns but also face tighter terms from creditors including collateral requirements and

more restrictive covenants. They are also more likely to replace their auditors to distance themselves

from the accused firm. The findings are consistent with the notion that financial misconduct erodes

the trust in capital markets, prompting market participants to reassess the credibility of the non-

accused peer firms.
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1 Chapter 1: Board’s Political Connection and Corporate Misconduct:

Evidence from a Quasi-Natural Experiment

1.1 Introduction

The Enron scandal has shown the public an alarming role of corporate political connections. En-

ron’s political connection, including a board of directors consisting of the former Chair of U.S.

Commodity Futures Trading Commission and the former Leader of the House of Lords, together

with its generous political contributions, are portrayed by mainstream media as the centerpiece of

the scandal.1 The facilitation of corporate misconduct through political connections aligns with

Sutherland (1949)’s seminal theory of differential social organization which posits that certain so-

cial structures inherently offer greater opportunities to commit crimes than others. However, while

anecdotal evidence and sociological theories support the notion that political connections can fa-

cilitate corporate wrongdoing, systematic empirical scrutiny remains scarce. This paper aims to

bridge this gap by empirically examining the causal impact of political connections on a firm’s

propensity to misconduct and the detection of such corporate transgressions.

Firms with strong political connections may receive regulatory leniency or protection, as the po-

litical ties can enable firms to manipulate the regulatory processes to their advantage. For example,

politically connected firms are less likely to be subject to the U.S. Securities and Exchange Com-

mission (SEC) enforcement action and face lower penalties when prosecuted (Correia, 2014). They

are also able to evade fraud detection for months longer and have a substantially lower risk of being

detected for fraud (Yu and Yu, 2011). By leveraging their connections, firms can shape policies,

regulations, and laws to suit their interests, which may create loopholes or weak enforcement that
1See https://www.wsj.com/articles/SB1011226990470237760
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provide opportunities for firms to engage in misconduct without the fear of repercussions. Prechel

and Morris (2010) characterize this phenomenon as organizational-political embeddedness. The

extent of regulatory capture, however, is ambiguous. For example, while the politically connected

firms face less enforcement actions from SEC’s Division of Enforcement, they are more likely to

receive comment letter reviews from the Division of Corporation Finance (Heese et al., 2017). This

paper enriches the debate on political connections and firm compliance by introducing novel causal

evidence on the effects of disruptions in political ties on corporate misconduct.

A key empirical challenge in studying the influence of political connections lies in the endogenous

nature of these connections, where firms may strategically form political ties. Prior studies have

addressed the challenge of endogeneity by leveraging the health conditions or unexpected demises of

politicians (Fisman, 2001; Faccio and Parsley, 2009). A limitation of these identification strategies,

however, is the relatively small sample sizes which may constrain the generalizability of the findings.

In this study, I adopt a novel approach by using a policy shock that directly targets the government

officials within a firm and affects a broad spectrum of firms to facilitate the causal inference. On

October 19, 2013, the central government of China issued “Rule 18” as an important component

of the anti-corruption campaign. Rule 18 specifically targets the government-business nexus and

mandates current government and Party officials and officials who have retired recently to resign

from their positions as independent directors on corporate boards of directors. The unexpected

new regulation triggered a large wave of resignations of officials on boards, drastically weakening

the political connections of the affected firms. Thus, Rule 18 provides a quasi-natural experiment

to examine the causal effects of political connections on corporate misconduct. A further significant

empirical challenge in analyzing corporate misconduct is the issue of partial observability. Specif-

ically, merely observing a rise in corporate misconduct instances following the policy shock does
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not allow for any meaningful conclusions regarding the role of political connections, because one

only observed misconduct that has been detected. Dyck et al. (2023) estimate that a substantial

proportion of corporate misconduct incidents evade detection, highlighting the challenge of partial

observability problem. To address the partial observability of corporate misconduct, the study em-

ploys the detection controlled estimation (DCE), which is able to separately model the two latent

processes—namely the commission and detection of misconduct—underlying the observed instances

of misconduct, and jointly estimate the parameters associated with each process (Feinstein, 1990;

Wang, 2013). Furthermore, I also incorporate a difference-in-differences estimator and a rich set

of control variables into the DCE model to assess the causal impact of the disruptions in political

connections on corporate misconduct.

Estimating the DCE model on the sample covering all types of misconduct reveals strong evi-

dence that firms that have lost the politically connected directors become less prone to perpetrate

misconduct, and meanwhile the misconduct of such firms is more likely to be caught. The impact

is also economically significant. On average, following by the policy shock, firm’s propensity to

misconduct substantially decreases by 45%, while the likelihood of misconduct detection increases

by 47%. The findings also hold for financial misconducts, which represent the most common type

of misconduct in the database. To extend the analysis of the policy shock, I categorize the miscon-

duct into two groups based on the severity of the misconduct and find that the effect of Rule 18

is more pronounced for high-level offenses but is barely observed for the low-level offenses. These

findings indicate that elimination of political connections on board is highly effective in deterring

and detecting corporate misconduct and in particular high-level offenses that are more consequen-

tial and costly to the capital markets. Collectively, these findings suggest that political connections

may shape firms’ compliance and facilitate a more lenient regulatory environment for firms, posing
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significant challenges to effective regulatory oversight.

I conduct a battery of robustness tests to further substantiate the main findings. First, the

findings are robust to a propensity score matched sample. Second, I address the alternative expla-

nation of “new director effect” where the effect might be attributed to the new directors replacing

the resigned directors, A comparison on the background of resigned and newly appointed direc-

tors suggests that new directors are not superior to the resigned directors in terms of their ability

to monitor effectively. I also conduct a placebo test using a pseudo-treatment group consisting of

firms with resigned directors from public research institutions, SOEs, universities and other publicly

funded organizations. These directors, though lacking political power, are also affected by Rule 18

since they have similar civil-service ranks as government officials. The placebo test with the pseudo-

treatment group demonstrate no significant treatment effect. Additionally, the main findings are

also robust after accounting for other potentially confounding events. Finally, another placebo test

using a pseudo-event year does not show significant treatment effect. Together, these robustness

tests provide compelling evidence that the primary findings of this study are well-founded.

Next this study delves into the heterogeneous impacts of Rule 18. Specifically, I start by exam-

ining the state-owned enterprises (SOEs) and non-state-owned enterprises (non-SOEs). Inherently

linked to the government, SOEs are politically connected by nature. Indeed, I find that the de-

parture of official directors has a notably more pronounced impact on the non-SOEs than on the

SOEs. Further, the effectiveness of the policy may depend on regional levels of corruption. In

regions with high level of corruption, the firms affected by the policy may retain less conspicuous

forms of political ties or swiftly rebuild their connections through alternative channels. Consistent

with this conjecture, the analysis reveals that the treatment effects are more pronounced among
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firms in the regions with lower degree of corruption. Overall, the analyses of the heterogeneous

impacts strengthen the role of political connections in driving the observed effects of Rule 18.

Finally, I exploring how the corporate key insiders view the political connections. While prior

studies have well-documented investors’ preference for political connections as evidenced by the

positive market reactions (e.g., Faccio, 2006; Goldman et al., 2009), the perspective of corporate

key insiders on such ties remain relatively less explored. First, I find that firms affected by Rule 18

are more inclined to start Directors and Officers insurance coverage that serves to protect corporate

executives against claims initiated by related parties for alleged wrongdoing. This finding suggests

the key insiders’ perception of political connections as a protective shield insulating them against

liabilities. Moreover, I investigate the sentiments expressed by key insiders during communications

with investors and analysts and find that executives from treated firms manifest more negative sen-

timents. The negative effect on executives’ sentiment is markedly stronger for non-SOE executives,

implying that akin to the investors, the corporate executives also view the political connection as

a valuable asset to the firm.

This paper contributes to the broad literature on the role of corporate political connections.

Prior studies have found that political connections enhance firm value (e.g., Fisman, 2001; Faccio,

2006; Jayachandran, 2006; Goldman et al., 2009; Faccio and Parsley, 2009) and provide the firms

with preferential access to scarce resources such as financing (e.g., Khwaja and Mian, 2005; Faccio

et al., 2006; Claessens et al., 2008; Goldman et al., 2013). In the context of China where the state

is highly involved in the allocation of resources, politically connected firms tend to have easier

access to debt financing, higher chance of IPO approval and more subsidies from the government

(Li et al., 2008; Fan et al., 2008; Liu et al., 2013; Wang, 2015). On the other hand, political

5



connection can also entail significant costs for minority shareholders as the rent-seeking activities

could potentially divert resources away from maximizing shareholder value (Qian et al., 2011; Wang,

2015). Also, firms with political connections often enjoy a shield against regulator scrutiny, which

consequently reduces their likelihood of facing sanctions and results in lax regulation (Berkman

et al., 2010; Yu and Yu, 2011; Correia, 2014; Lin et al., 2018). I extend this strand of literature

on the role of political connections in facilitating corporate misconduct. Specifically, I characterize

corporate political connections as politicians on board, which is arguably a more concrete measure

of political connection than other proxies including geographic links, lobbying activities, financial

contribution to politician and executives’ social ties as used in literature. Notably, board of directors

is the governing body of a firm, making highly crucial corporate decisions and serving as a source

of counsel and monitor (Adams et al., 2010). Also, this paper shows that political connections

facilitates corporate wrongdoing through not only shielding against regulatory scrutiny but also

elevating the firm’s propensity to misconduct.

This paper also contributes to the literature on corporate misconduct, in particular the interplay

between the corporate governance and misconduct. Several studies associate corporate misconduct

with stock-based executive compensation (e.g., Efendi et al., 2007; Peng and Röell, 2008; Johnson

et al., 2009) and corporate governance practices (e.g., Dechow et al., 1996a; Beasley, 1996; Lennox

and Pittman, 2010). However, the existing literature presents mixed evidence. For examples,

Erickson et al. (2006) and Armstrong et al. (2010) find no consistent evidence linking corporate

misconduct to the stock-based incentives of executives and Armstrong et al. (2010) suggest that

higher level of equity incentives could deter misconduct. Other papers find that the principal

components of governance measures and key governance characteristics such as board independence

are unrelated to corporate misconduct (Agrawal and Chadha, 2005; Larcker et al., 2007). This paper
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adds to the debate on corporate governance and misconduct, focusing on the politically connected

independent directors. Corporate governance structures and in particular the composition of board

is endogenously determined (Hermalin and Weisbach, 1998, 2001). This paper uses Rule 18 as

an effective setting to address the endogeneity of corporate governance and makes causal evidence

regarding board’s political connection and misconduct available. Further, this study examines

the effect of politically connected directors on both the perpetration and detection of corporate

misconduct.

Finally, this paper contributes to the developing body of empirical research on the anti-corruption

campaign in China. A number of papers have documented the effects of this large-scale anti-

corruption campaign on various corporate finance outcomes including shareholder value (Lin et al.,

2016; Ding et al., 2020), firm performance (Giannetti et al., 2021), capital expenditure and R&D

spending (Pan and Tian, 2020; Xu and Yano, 2017), potential corporate corruption and culture

(Griffin et al., 2022), and bank credit access (Li et al., 2022). While most of the existing re-

search treat the campaign as a nationwide event impacting all firms, several studies adopt a similar

empirical setting as this paper and identify the effects of the anti-corruption campaign using a

difference-in-differences design. For examples, these studies have demonstrated that politically

connected firms have reduced access to political resources (Hu et al., 2020) , improved financial

reporting quality (Hope et al., 2020) and increased labor costs (Wei et al., 2020) after the disruption

in political connections. This paper, to my best knowledge, is among the first to explore the causal

effects of weakened political connections as a result of the anti-corruption campaign on corporate

misconduct.

This paper is structured as follows. Section 1.2 introduces the institutional background. Section
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1.3 develops the primary hypothesis on the impact of Rule 18 on corporate misconduct. Section 1.4

and Section 1.5 describe the empirical framework and sample construction. Section 1.6 presents

the main empirical results and findings. Section 1.7 discusses the robustness tests. Section 1.8

examines the heterogeneous effects of the policy. Section 1.9 discusses the implications of political

connections. Section 1.10 concludes the paper.

1.2 Institutional Background

1.2.1 Rule 18

Shortly after President Xi Jinping took office in late 2012, the government of China launched a

large-scale anti-corruption campaign. The campaign has been viewed as the most extensive anti-

corruption effort in China since the founding of the country, aiming at cracking down corruption

within the government, as well as businesses and other institutions in the country.

On October 19, 2013, the Organization Department of the Central Committee of the Com-

munist Party of China issued Rule [2013]18, or “Rule 18”, formally titled “To further regulate

government and Party officials who assume positions in enterprises”. As a substantial measure of

the anti-corruption campaign in China, Rule 18 targets the government-business nexus that is often

perceived as a major source of corruption. Specifically, the new regulation mandates current gov-

ernment and Party officials above a certain rank, as well as officials who have retired within three

years, to resign from their positions as independent directors on corporate boards with immediate

effect.

In China where relationship management is important for conducting business (Allen et al.,

2005), listed firms frequently appoint current or just-retired government officials as independent
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directors to build up political connections that provide the firms with various preferential treatments

(e.g., Wang, 2015). The appointments of government officials also enable the firms to fulfill the

China Securities Regulatory Commission’s (CSRC’s) requirement that requires firms to fill at least

a third of board seats with independent directors.2 Among the sample of firms in this study, 15

percent of them had government officials on board as independent directors prior to the policy

shock.

The Organization Department issued a follow-up statement in July 2014, acknowledging and

praising the officials’ immediate response to Rule 18, but also pointing out that “some retired

officials are still serving on board as independent directors or trying to circumvent the rule”.3 The

follow-up announcement urges strict enforcement of Rule 18 and references strict sanctions for

failure to comply.

The sudden announcement of Rule 18, combined with the vigorous force of the anti-corruption

campaign, triggered a significant wave of resignations among government and Party officials serving

as directors in firms in a short period of time,4 and thus offers an ideal setting to scrutinize the

economic consequences of such an exogenous shock to firm-level political connections.

1.2.2 Enforcement of Corporate Misconduct in China

Enforcement of corporate misconduct is a critical aspect of maintaining the integrity of financial

markets and protecting stakeholders’ interests. China Securities Regulatory Commission (CSRC),

the primary regulator overseeing the listed firms in China, is tasked with the investigation and
2China Securities Regulatory Commission Rule 2001[102]
3Organization Department of the Central Committee of the Chinese Communist Party Document 2014[23]
4e.g. https://www.chinanews.com.cn/gn/2014/06-03/6238320.shtml, http://finance.sina.com.cn/stock/s/20140307/

015318431403.shtml, https://caijing.chinadaily.com.cn/2014-05/15/content_17509775.htm, http://finance.ce.cn/
rolling/201403/04/t20140304_2408842.shtml, https://china.huanqiu.com/article/9CaKrnJRLxo
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disciplining of corporate misconduct in the capital markets. Adopting a proactive approach, the

CSRC commences investigations into corporate misconduct based on suspicious evidence emerging

from a variety of sources. The most common source of evidence is the real-time surveillance of

market and trading activities supported by stock exchanges. Taking the Shenzhen Stock Exchange

as an example, more than 140,000 various alarm messages are processed each year, averaging 600

alarms per trading day as of 2012.5 Other sources include in-depth routine on-site inspections

of listed firms conducted by the local branches (“dispatched agencies”) of CSRC and whistle-

blower reports from media and market participants.6 CSRC evaluates the evidence and initiates

a preliminary investigation of issue to decide if a case should be filed. According to the annual

summary of enforcement, CSRC conducted 723 preliminary investigations and filed 345 cases in

2015.7 Once a case is filed, further investigations would result in three possible outcomes: first,

administrative penalty; second, referral to civil litigation and criminal prosecution procedures;

and third, dismissal of the case. The entities involved in the case can appeal the decision or file

a lawsuit against the administrative agencies. Political connections may sway the enforcement

process, notably influencing whether a case dismissed. In this context, by separately modeling the

perpetration and detection of corporate misconduct, the detection controlled estimation framework

is especially valuable to study the political forces and address the exacerbated issue of partial

observability.
5http://www.csrc.gov.cn/csrc/c100200/c1000446/content.shtml
6Ibid.
7http://www.csrc.gov.cn/csrc/c100200/c1000407/content.shtml
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1.3 Hypothesis Development

Corporate political connections are a widespread phenomenon across the globe (Faccio, 2006).

These connections significantly influence regulatory oversight and corporate behavior, notably in

the realms of identifying and preventing misconduct. On one hand, politically connected firms may

benefit from regulatory leniency or even protection, as these connections may allow firms to ma-

nipulate the regulatory processes in their favor. For example, Correia (2014) shows that politically

connected firms are less likely to face SEC enforcement actions and receive less severe penalties

upon prosecution. Yu and Yu (2011) similarly find that fraudulent firms connected through lobby-

ing have a lower risk of being detected and enjoy delays in detection of fraud. They also reveal that

fraudulent firms spend more on lobbying than the non-fraudulent firms and during their fraudu-

lent periods, suggesting an intentional strategy to secure more lenient treatment through lobbying.

In the context of China, Berkman et al. (2010) highlights investor concerns that corporate po-

litical connection may weaken the enforceability of regulations, while Liu et al. (2013) find that

such connections increase the likelihood of gaining IPO approval from China Securities Regula-

tory Commission. Moreover, the phenomenon of regulatory capture is not restricted to securities

regulators. Lin et al. (2018) provide evidence that political connection dilute the tax enforcement

effectiveness in China. Also in the context of China, Fisman and Wang (2015) show that politically

connected firms receive fewer reports for workplace safety violations. The collective insights from

these studies suggest that corporate political connections can lead to a more lenient regulatory envi-

ronment. Within the framework of this paper, it is posited that such connections could potentially

compromise the efforts of regulators to detect corporate misconduct effectively.

On the other hand, a firm’s political connections may also shift its incentives away from adopting
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good practices. Literature in accounting underscores this concern, pointing out that politically

connected firms tend to exhibit lower financial reporting quality (e.g., Chaney et al., 2011; Hope

et al., 2020), adopt more aggressive tax practices (Kim and Zhang, 2016), and show a reluctance to

appoint Big 4 auditors (Wang et al., 2008). The politically connected firms can afford such practices

not solely due to regulatory favor but also because of lower pressure from the capital markets. For

example, politically connected firms benefit from preferential bank financing in emerging markets,

highlighting the capital advantage conferred by political ties (Khwaja and Mian, 2005; Claessens

et al., 2008; Wang, 2015). Also, the connected firms enjoy preferential access to public funds, such

as government subsidies and bailouts, across both advanced and emerging economies (e.g., Faccio

et al., 2006; Adelino and Dinc, 2014; Wang, 2015).

Taken together, the presence of corporate political connections can foster an environment where

corporate actors may feel emboldened to engage in unethical or illegal activities, under the assump-

tion that their influential connections will shield them from harsh consequences. Consequently, it

is reasonable to anticipate that corporate board’s political connections are positively associated

with the propensity to misconduct, while simultaneously being inversely related to the likelihood of

facing regulatory enforcement. However, these associations, if observed empirically, may reflect the

issue of reverse causality. Specifically, firms that are more prone to misconduct may strategically

seek out government and Party officials for their boards in exchange for more lenient regulatory

oversight. Therefore, Rule 18 as an exogenous shock to the political connections of firms presents

an unparalleled opportunity to effectively overcoming this empirical challenge and identifying the

causal effects of political connections. The preceding discussion forms the basis for my primary

hypothesis:
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H1: After the disruption in their political connections, firms become more compliant, and their

misconduct are more likely to be detected by the regulators.

1.4 Empirical Setup

A significant challenge in empirically testing the previously stated hypothesis lies in the partial

observability of corporate misconduct data. Not all instances of corporate misconduct are observ-

able. Our observations of misconduct are limited to those that have been both committed and

subsequently detected. As a consequence, our observations of misconduct are determined by two

underlying probabilities: the probability that a firm will commit misconduct and the probability

that such misconduct will be detected. To overcome the issue of partial observability in miscon-

duct data, this study adopts the detection controlled estimation (DCE), as developed by Feinstein

(1990). A similar model was also proposed by Poirier (1980). This model enables separate modeling

of the two latent processes—committing misconduct and detecting misconduct—while allowing for

joint estimation of the parameters in these two processes. The DCE model has been frequently

employed in corporate misconduct studies and applied to investigate a wide range of issues includ-

ing IPO fraud (Wang et al., 2010), financial fraud (Wang, 2013; Wang and Winton, 2021; Shang,

2022), tax evasions (Feinstein, 1991), channel stuffing (Das et al., 2012), cryptocurrencies crimes

(Foley et al., 2019), and workplace safety violations (Feinstein, 1990), underscoring its applicability

in uncovering the intricacies of misconduct and detection.

The DCE model is characterized by a pair of equations—the misconduct equation and the de-

tection equation. First, the misconduct equation, representing the firm’s discrete choice of whether
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or not to perpetrate misconduct, can be formulated as follows:

M∗
i = xM,iβM + ui

Mi =


1 (Misconduct occurrence) if M∗

i ≥ 0

0 (No misconduct occurrence) if M∗
i < 0

(1)

where M∗
i is the latent variable measuring the net benefit of misconduct, and Mi is the misconduct

indicator that equals 1 when the latent variable is positive and misconduct is perpetrated. xM,i rep-

resents a set of observable characteristics that captures the firm’s incentives related to misconduct.

Analogously, the detection equation models the process governing the detection of misconduct. It

can be expressed as follows:

D∗
i = xD,iβD + vi

Di =


1 (Misconduct detected) if D∗

i ≥ 0

0 (Misconduct undetected) if D∗
i < 0

(2)

where the latent variable D∗
i denotes the effectiveness of regulatory oversight in detecting miscon-

duct, and Di is the detection outcome that equals 1 when the latent variable is positive and instance

of misconduct is detected. xD,i is a vector of variables related to regulators’ detection process. ui

and vi are zero-mean error terms with a bivariate normal distribution.

In practical terms, the indicators of misconduct (Mi) and the subsequent detection (Di) are

unobservable. The joint outcome of the two processes, however, can be observed from the databases
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documenting corporate misconduct. This observable outcome is denoted by

Zi = Mi ×Di

where Zi equals 1 if a firm has perpetrated misconduct (Mi = 1) and this misconduct has been

detected by the regulator (Di = 1). Conversely, Zi equals 0 when one of the Mi and Di is 0, i.e.,

the scenarios where either no misconduct was committed or the misconduct went undetected. The

process of the realization of Zi and the corresponding likelihoods are shown in Figure 1.1. Summing

up the likelihood function in Figure 1.1 over i firms and t years, we can estimate the parameters in

the DCE model using a maximum-likelihood method. Specifically, the log-likelihood function for

ML estimation is

L(Z;βM , βD) =
∑
i

∑
t

IZi=1 log[Pr(M∗
i ≥ 0)×Pr(D∗

i ≥ 0)]+IZi=0 log[1−Pr(M∗
i ≥ 0)×Pr(D∗

i ≥ 0)]

Feinstein (1990) shows that the identification of parameters in a DCE model requires two

conditions. First, the identification requires that vectors xM,i and XD,i do not consist of exactly

the same variables. This requirement is intuitively aligned with the nature of misconduct and

detection. The factors influencing the detection of misconduct, which always occurs after the

perpetration of misconduct, are different from those motivating the commission of misconduct

Wang (2013). Therefore, this condition of non-overlapping variables is naturally met in the context

of the corporate misconduct. The second condition stipulates that the variables in xM,i and XD,i

should have sufficiently large variance. In particular, xM,i and XD,i containing distinct continuous

variables can facilitate the identification. When the two conditions are fulfilled, the parameters βM
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and βD can be reliably identified.

Variables in the Misconduct Equation

Given the exogenous nature of the policy shock impacting a specific group of firms, concerns

related to endogeneity, such as omitted variables bias, are mitigated in this empirical framework.

However, the inclusion of control variables serves three purposes. First, aligning with Feinstein

(1990)’s identification criteria, the control variables, continuous and distinct across the detection

and misconduct equations, facilitate the identification of the parameters of interest in the model.

Second, I aim to include the the variables that evolve continuously and may exhibit different trends

between the treated and control groups, thereby justifying the parallel trend assumption. Lastly,

the control variables reinforce the validity of the DCE model. Specifically, observing coefficients on

the control variables showing expected signs lends further credibility of the model employed.

The key variable of interest in the misconduct equation is the difference-in-differences term,

Treat*Post. Treat is the treatment indicator assigned a value of one for firms that have inde-

pendent directors impacted by the implementation of Rule 18. Meanwhile, Post is defined as a

dummy variable representing the post-treatment periods spanning the years from 2014 to 2017.

The coefficient on this term quantitatively assesses the impact of disruption in political connection

on firm’s propensity towards misconduct. In addition to firm size, firm age and state-owned enter-

prise (SOE) dummy, I incorporate a set of variables that capture the firm’s incentives associated

with misconduct. These control variables in the misconduct equation can be organized into two

categories: 1) pressure stemming from firm performance and capital market, and 2) intensity of

monitoring. Criminology theory posits that strains or stresses elevate the propensity for crimes

(e.g., Merton, 1938; Passas, 1990). To characterize a firm’s exposure to pressures from capital mar-
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ket and performance, I include firm’s external financing need (Wang and Winton, 2014), leverage as

a proxy for proximity to covenant violations (Dechow et al., 1996a), market-adjusted stock return,

industry forecasted EPS growth for investor beliefs about industry business conditions and peer

firms (Wang et al., 2010), and changes in return on assets (ROA). I also include the stock owner-

ship by top management team to reflect the executive incentives, as studies find that executives’

stock holdings are associated with firm’s incentive to fraud (e.g., Johnson et al., 2009). Finally,

discretionary accruals are included as a proxy for the extend to which the firms have exploited

the legitimate ways of achieving goals (Dechow et al., 1995), based on the premise that firms will

exhaust legal ways of earnings management prior to more aggressive manipulations (Dechow et al.,

2011; Chen et al., 2021). The second category of variables focuses on the intensity of monitor-

ing which discourages corporate misconduct. Institutional shareholdings and analyst coverage are

recognized as effective monitoring mechanisms that can deter corporate misconduct (Dyck et al.,

2010a; Chen et al., 2016), and thus are included to capture the intensity of monitoring. These firm

characteristics in the misconduct equation are measured in the year preceding the misconduct (i.e.,

year −1) to ensure that these characteristics can reflect the conditions underlying the decision to

engage in misconduct.

Variables in the Detection Equation

The key variable of interest in the detection equation is the difference-in-differences term, Treat*Post.

The coefficient on this term quantifies the impact of disruption in political connection on the likeli-

hood of a firm’s misconduct being detected. The control variables in the detection equation capture

the ex-post signals that emerge only after the misconduct. Specifically included are abnormal ROA

to measure the unexpected performance shock (Dyck et al., 2010a), a disastrous return dummy

17



which equals one for annual returns in the bottom 10% of all returns in the sample, abnormal re-

turn volatility, and abnormal stock turnover. These variables capture the abnormal reactions from

the financial markets that could draw attention from the regulators (Jones and Weingram, 1996;

Kim and Skinner, 2012). Additional control variables include discretionary accruals as a proxy

for financial reporting quality, abnormal industry misconduct intensity to capture the industry

trend and regulators’ attention to the industry, analyst coverage recognizing the role of analysts

in detecting misconduct and SOE dummy. The variables in the detection equation are selected to

mirror the CSRC’s sources of suspicious evidence as described in Section 1.2. The ex-post signals

in the detection equation are led by one year to account for the time lag between the perpetration

of misconduct and its detection.

1.5 Data and Sample Construction

The sample for this study is initiated by including all firms that are listed on the Shanghai Stock

Exchange (SSE) and Shenzhen Stock Exchange (SZSE), the two major stock exchanges in China. I

hand-collect all disclosures of director resignations from the websites of the SSE and SZSE websites

following the introduction of Rule 18 on October 13, 2013 until April 30, 2015, the mandatory dead-

line for 2014 filings. This cut-off date is validated by Hope et al. (2020) who confirm that almost all

of the government official directors had tendered their resignations before the 2014 filings deadline.

To identify firms in the treatment group, I review the resignation announcements and check if the

announcements explicitly cites Rule 18 as the cause for director resignation. Many announcements

are less transparent, blurring the reason for resignations by ambiguously citing personal or health

reasons. In these ambiguous cases, I further collected the resigned director’s background infor-

mation and resume from China Stock Market and Accounting Research databases supplemented
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by extensive online search.8 I scrutinize the titles, positions, and previous experiences of the de-

parting director to determine whether they were impacted by Rule 18. The directors who hold

leadership positions in state-owned enterprises, universities, public research institutions and other

government-funded organizations are assigned similar civil-service ranks as those of government

officials, and thus they were also affected by Rule 18. However, firms with these resigned direc-

tors are excluded from the treatment sample as they are deemed to have limited political power.

This meticulous approach ensures that the treatment group accurately reflects firms experiencing

significant disruptions in political connections due to Rule 18. Table 1.1 provides an overview of

the sample construction process for the treatment firms. Starting with 2,272 resignations of direc-

tors following the implementation of Rule 18, I first exclude 1,016 resigned directors who lack a

civil-service rank and thus are not affected by Rule 18. Among the remaining resignations, 492 are

from directors holding leadership positions in state-owned enterprises, while an additional 381 res-

ignations were linked to directors affiliated with universities, public research institutions and other

government-funded organizations. The final sample comprises 383 resignations from government

and Party officials who were able to provide political connections for the firms, resulting in 326

firms with such resigned official directors.

Next, I collect corporate misconduct data from China Stock Market and Accounting Research

database. The database keeps track of announcements and press releases from both regulators and

listed firms, and maintain a database on corporate misconduct instances. The database contains

information on each instance of misconduct, including the firms involved, the periods of violation,

regulators overseeing the cases, the resulting punishment, the relevant laws and description of the

case, etc. These instances of misconduct are categorized into eight types based on the regulatory
8For example, I searched the director’s name in China’s leading search engine baidu.com, popular financial news

and information websites such as finance.sina.cn and data.eastmoney.com, as well as stock exchange websites.
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authorities involved—financial misconduct, environmental violations, anti-competitive practices,

consumer protection violations, food and drug safety violations, government contract violations,

workplace safety or health violations, and miscellaneous offenses. Notably, financial misconduct

constitutes over 90% of the cases, highlighting its prevalence. In addition to corporate misconduct

data, financial, corporate governance and stock market data are also obtained from China Stock

Market and Accounting Research supplemented by Wind. All continuous variables are winsorized

at the 1st and 99th percentiles to mitigate the influence of outliers. I restrict the sample to an

eight-year window surrounding the implementation of Rule 18 to empirically evaluate the impact

of the policy. The first three columns of Table 1.2 present the descriptive statistics of the variables

in the final sample consisting of 13,855 firm-year observations. Of these observations, 13% are

from the treatment sample. We observe that the firms with resigned official directors (i.e., firms in

the treatment group) have less detected misconducts throughout the sample period. Additionally,

the comparative statistics also reveals that, on average, treated firms possess higher leverage and

institutional ownership but have lower management ownership. These firms also attract more

analyst attention, tend to be larger in size and more likely to be an SOE.

1.6 Main Results

Prior to employing the Detection Controlled Estimation (DCE) model, this study initiates its

empirical analysis through a conventional difference-in-differences (DiD) analysis as follows:

Zit = β(Treati × Postt) + δXM,it + γXD,it + ϵit (3)
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where Zit is the detected misconduct dummy; β is the coefficient of interest on the difference-in-

differences term; XM,it and XD,it are the variables relevant to the decision to commit misconduct

and the likelihood of its detection, as detailed in Section 1.4. The results from estimating the

conventional difference-in-differences are presented in Table 1.3. The preliminary DiD analysis

aims to gauge the causal effect of Rule 18 on corporate misconduct. However, as shown in Table

1.3, we observe no significant effect of Rule 18 in any of the specifications. The results underscore a

fundamental limitation of the conventional DiD analysis in the presence of the partial observability

of corporate misconduct. The main hypothesis of this study suggests that the disruption in political

connections after Rule 18 would discourage firms from committing misconduct, which may reduce

the instances of detected misconduct, while raise the likelihood of detection, which may increase the

instances of detected misconduct. The two contradictory forces make the conventional DiD analysis

fail to yield valuable insights into the relationship between political connections and corporate

misconduct. Such limitation calls the necessity for a more appropriate empirical model, paving the

way for the adoption of the DCE framework. The DCE model, with its capacity to separately model

the processes of committing and detecting misconduct, can overcome the constraints encountered

in this preliminary DiD analysis.

Table 1.4 presents the main results of this study from the estimation of the DCE model outlined

in Section 1.4. In the first column, I estimate the DCE model on the entire sample covering all types

of misconduct. The main variable of interest is the difference-in-differences (DiD) term Treat*Post.

The estimated coefficient on Treat*Post from the misconduct equation is -1.435, and is statistically

significant at 1% level, indicating that after the disruption in corporate political connections, the

firms become less likely to engage in illegal behaviors. Though interpreting the magnitude of the

effect in a bivariate probit setting is challenging, we can gauge the economic significance of the
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impact in two ways. First, in comparative terms, the observed magnitude of the effect is notable,

as evidenced by the coefficient estimate on the DiD term being more than two times greater than the

coefficient estimate on institutional ownership, a factor widely believed to effectively contribute to

deterring corporate misconduct (e.g., Chung et al., 2002). Further, when the relevant variables are

held constant at their mean values, firm’s propensity to misconduct substantially decrease by 45%

following the policy shock. From the detection equation estimates, we observe that firms who have

lost their politically connected directors are more likely to be caught when they commit misconduct.

The estimated coefficient on the DiD term is statistically significant at 1% level, and more than

4 times greater then the coefficient estimate on the disastrous return dummy, suggesting both

the statistical and economic significance of the impact. Indeed, when we control for the relevant

variables at their respective means, the firm’s probability of being caught significantly increases by

47% after the shock. The estimated coefficients on the control variables also shed light on the the

factors related to misconduct and detection. For example, firms with high leverage and demanding

external financing need are more likely to commit misconduct. Institutional ownership and analyst

coverage have significant deterrence effect on corporate misconduct, but analyst coverage does not

facilitate the detection of misconduct. In addition, misconducting firms who exhibit disappointing

performance and experience stock price crash are more likely to be detected by regulators. Another

interesting observation is that before the Rule 18, firms with official directors are more likely to

engage in illegal behaviors, while their misconduct are less likely to be caught, implying the role of

political connections in facilitating misconduct.

To visualize the dynamics of the treatment effects induced by Rule 18, I present the trends in

misconduct propensity and detection rates for both the treated and control groups in Figure 1.2.

The figure shows the temporal patterns leading up to and following the policy shock. Notably, the
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outcome variables for both groups exhibit parallel paths prior to Rule 18, lending credibility to the

assumption that parallel trend holds. The pre-policy period also reveals that firms with politically

connected directors are more prone to engage in misconduct but less likely to get caught, which

is consistent with the empirical evidence from Table 1.4. The advent of Rule 18 marks a drastic

shift, particularly for the treatment group. The figure shows a significant divergence post-policy

where firms formerly benefiting from political connections demonstrate increased compliance and

face a heightened likelihood of being detected. Conversely, the control group exhibits only marginal

changes over the same period. In sum, the figure suggests that the disruption in political connections

has not only altered firms’ propensity to misconduct but also affected the efficacy of regulatory

oversight.

In the second column of Table 1.4, I estimate the model covering the sample of financial mis-

conducts, which represent the most common type of misconduct in the database. The coefficient

estimates on the variable of interest here are similar to the full sample results both qualitatively and

quantitatively, reinforcing the initial findings. Next, I classify the misconducts into two categories

based on the severity of the misconduct and run the analyses on the high-level offenses and low-level

offense separately. The high-level offenses include the misconducts that result in monetary penal-

ties, revocation of business license (order to close), market entry ban and/or order of rectification

and reformation, while the low-level offenses cover the misconducts that incur warning letters and

public censure. The results on the high-level offenses and low-level offenses are shown in the last

two columns of Table 1.4. I find that the effect of the policy is more pronounced for high-level

offenses but is barely observed for the low-level offenses. Moreover, the estimated coefficients on

Treat*Post for high-level offenses are larger in magnitude than the coefficients Treat*Post for all

misconduct and financial misconduct. The results suggest that elimination of political connections
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on boards is particularly effective in deterring and uncovering high-level offenses. Notably, these

offenses are typically the most consequential and incur substantial costs to the financial markets

participants. Therefore, the implementation of the policy carries significant social welfare benefits

by mitigating the risks associated with these most damaging offenses.

Overall, I find strong evidence that after the resignations of politically connected directors,

the firms are less prone to misconduct and meanwhile their illegal and unethical behaviors are at a

higher risk of being detected. The findings suggest that corporate political connections may offer the

firms a lenient regulatory environment, posing significant challenge to effective regulation, and thus

addressing political connections can safeguard the integrity of the financial markets, contributing

to a healthier capital market.

1.7 Robustness Checks

1.7.1 Propensity Score Matching

Table 1.2 shows that the treated and control groups differ along several variables including leverage,

size and SOE status. To balance the treatment and control groups, I employ the propensity score

matching (PSM) method based on the pre-treatment characteristics to construct a matched control

group. The PSM procedure begins by identifying the key ex-ante variables that are significantly

differ between the treated and control groups as the basis for the initial matching, and matches the

treated firms with control firms on their propensity scores. This approach yields the most balanced

matched sample. The descriptive statistics for the matched sample, as presented in the last three

columns of Table 1.2, demonstrate that the previously observed differences between the treated

and control groups are substantially mitigated in this matched sample. I estimate the DCE model
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on the matched sample and present the results in Table 1.5. Negative in the misconduct equation

and positive in the detection equation, the coefficient estimates on Treat*Post are statistically

significant on the samples covering all instances of misconduct, financial misconduct and high-

level offenses. The results align with the core hypothesis of this study, illustrating a striking shift

post-policy where firms exhibit lower propensity to commit misconduct and their misconduct are

more likely to be detected by regulators. Furthermore, the point estimates in the matched sample

are of comparable magnitude as the main results from the previous section, suggesting that the

main specification effectively accounts for the observed confounding factors and the application of

matching offers limited additional insight.

1.7.2 New Directors

A salient alternative explanation for the observed changes post-Rule 18 is the “new director effect”.

Specifically, when the resigned director is replaced with a new director, the newly appointed director

could potentially bring fresh perspectives and practices that influence the conduct of the firm. The

enhanced monitoring and advising by the new director may therefore reduce the firm’s propensity

to misconduct and increase the likelihood of detecting such misconduct. To address the alternative

story of “new director effect”, I first compare the backgrounds of the newly appointed directors

with those of the resigned directors, with findings presented in Table 1.6. The analysis shows

that the new directors are significantly younger, primarily because the resigned directors often

hold high civil-service ranks and are thus senior in age. Albeit younger, the newly appointed

directors tend to be busier and less likely to possess specialized backgrounds in law or finance,

which may limit their effectiveness monitors (e.g., Fich and Shivdasani, 2006; Wang et al., 2015).

In addition, no significant differences emerge between the new and resigned directors in their
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genders, degrees, professional titles (“zhi cheng”), compensation received, and breadth of experience

(as proxied by the length of their curriculum vitae). These observations imply that while the

new directors brings certain demographic changes, these changes do not necessarily equate to

enhanced capacities to provide effective monitoring and shape the business. Therefore, the analysis

of directors’ backgrounds provides little support for the “new director effect” as an alternative

explanation for the main findings.

To further address the “new director effect” story, I construct a pseudo-treatment group con-

sisting of firms with resigned directors from entities such as public research institutions, SOEs,

universities and other publicly funded organizations. These directors hold civil-service ranks com-

parable to those of government officials and thus they were equally affected by Rule 18. Similar to

the firms in the original treatment group, these firms also have to appoint new directors to fill the

vacated board seats after the resignations. Therefore, the pseudo-treatment group differs from the

original treatment group only in terms of the political power. By conducting a parallel analysis as

Table 1.4 on the pseudo-treatment group, I aimed to isolate the effect of introducing new directors

absent the disruption in political power. The results are in Table 1.7. As shown in the table, the

coefficient estimates on Treat*Post are not statistically significant in any of the four specifications

covering different types of misconduct. The results suggest that the appointment of new directors

does not materially influence the firm’s propensity to misconduct or the likelihood of its detection.

The lack of a detectable effect in the pseudo-treatment sample further corroborates that the impact

of Rule 18 on corporate misconduct is attributable to the disruption of political connections rather

than the newly appointed directors.
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1.7.3 Concurrent Events

Another potential concern is the other major developments in China’s anti-corruption campaign

that may affect the treated and control firms differently. In this study, I consider two concurrent

events that may confound the main findings. First, 20 days after President Xi’s administration

assumed power, the new administration announced the fundamental part of the anti-corruption

campaign—Eight-Point Regulation—on December 4, 2012. The Eight-Point Regulation mandates

government officials to forego conspicuous perks and explicitly prohibits officials from soliciting

or accepting lavish perks. The impact of this policy is highly significant. During the following

Chinese New Year, the revenue of the high-end catering and clubs in major Chinese cities were

reportedly decreased by about 20% compared to the previous New Year and those in Beijing

plummeted by 35%. Some luxury hotels even experienced a shutdown during the Chinese New

Year for the first time.9 Furthermore, Lin et al. (2016) find that investors reacted positively to

the announcement of the Eight-Point Regulation. The financial statements of Chinese listed firms

itemize entertainment and travel costs (ETC), which are used for corruption purposes such as

payments and perks provided to the government officials Cai et al. (2011). To control for the

abrupt changes in ETC expenditures following the implementation of the Eight-Point Regulation,

following Cai et al. (2011), I incorporate ETC expenditures as a control variable and conduct a

parallel analysis as Table 1.4. The results are presented in Table 1.8. We observe that though

the ETC expenditures are positively associated with firm’s propensity to perpetrate misconduct,

controlling for ETC does not alter the main findings of this study.

Second, the large-scaled anti-corruption campaign features the investigations of corrupt govern-

ment and Party officials. Following the launch of the anti-corruption campaign, the disciplinary and
9https://ce.cn/cysc/sp/info/201302/21/t20130221_18925.shtml, https://news.sohu.com/20130216/n366189180.shtml
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supervisory departments of China’s central government have conducted continuous investigations

and reviews of government and Party officials at all levels nationwide. Remarkably, more than

17,000 officials were investigated during the first five years of the anti-corruption campaign. When

such a official, who serves on a corporate board, is under investigation, the firms associated with

that individual could be subject to scrutiny. This scenario suggests that firms with resigned direc-

tors who are subsequently investigated could face a heightened risk of their own misconduct being

detected. Thus, the scenario where resigned directors are subsequently investigated may confound

the main findings of this study. To rule out the possibility that the enhanced likelihood of detec-

tion post-Rule 18 may, in part, be attributed to the heightened scrutiny following the investigation

of the resigned directors, I cross-reference the resigned directors with the officials documented in

China’s Corruption Investigations Dataset10 complied by Wang and Dickson (2020), identifying

and excluding any firm associated with a director who was subsequently investigated. I re-run

the analysis on this refined sample, with the results presented in Table 1.9. This further analysis

corroborates our main findings that are robust to adjustment for potential confounds related to

corruption investigations.

1.7.4 Unobservable Shocks

Next, to mitigate concerns that unobservable shocks, rather than the impact of Rule 18, could drive

the results, I conduct a placebo test utilizing a pseudo-event year of 2008, the year following the

election of the former Central Committee of the Party and coincided with several notable events

in China including the Beijing Olympic Games. The assumption is that any significant treatment

effect observed during this pseudo-event period would suggest that the main findings might be
10https://doi.org/10.7910/DVN/9QZRAD
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driven by factors other than the policy shock. The results of this placebo test are presented in

Table 1.10, showing that the treatment effects on both the misconduct and detection equations are

not statistically significant. The placebo test reinforces the interpretation that the observed effects

are indeed attributable to the disruption in political connections.

1.8 Cross-sectional Analysis

This section delves into the heterogeneous impacts of Rule 18, leveraging the inherent cross-sectional

variations across firm and regional characteristics. By examine the heterogeneous effects, the anal-

ysis aims to uncover further evidence on which subsets of firms are particularly affected by the

policy, thereby strengthening the role of political connections and shedding light on the mechanism

through which these connections influence corporate misconduct and its detection.

1.8.1 State-owned Enterprises

A significant proportion of listed firms in China are state-owned enterprises (SOEs) with central or

local governments as controlling shareholders. These SOEs inherently possess political connections

and enjoy easier access to state resources such as financing from state-owned banks (e.g., Firth et al.,

2008). Thus, the SOEs may not need to appoint government officials as directors to build political

connections. In some instances, politicians are appointed on SOE boards by the government to

represent its political and social objectives such as unemployment reduction and GDP growth

(Wang, 2015). Given this context, it can be hypothesized that the effect of Rule 18 would be

markedly more pronounced for the non-SOEs that lose their official directors than for the SOEs.

To test the heterogeneous effect, I separately estimate the DCE model on SOE and non-SOE

samples, with results presented in Table 1.11. As shown in the table, the estimated coefficients
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on Treat*Post exhibit statistical significance and expected signs in the non-SOE samples covering

all types of misconduct, financial misconduct and high-level offenses. This observation contrasts

sharply with the SOE samples, where all the estimated coefficients lack statistical significance,

though the difference in the magnitude of effects on propensity to misconduct between SOEs and

non-SOEs is not substantial. The stark contrast validates the hypothesis that the effect of Rule 18

is more pronounced among non-SOEs and also supports the argument that the policy’s impact on

misconduct and detection is primarily driven by the loss of political connections.

1.8.2 Level of Corruption

The degree of corruption varies across different provinces in China, a phenomenon that can be

attributed to various factors such as economic development levels, local governance practices and

cultural differences (Dong and Torgler, 2013). When the level of corruption is high, the effectiveness

of Rule 18 in weakening the firms’ political connections may be limited, since the firms may retain

less overt forms of political connections or swiftly reform their ties through alternative avenues

(Sichuan Provincial Discipline Inspection Commission and Supervisory Commission, 2019). There-

fore, I hypothesize that the effect of Rule 18 on corporate misconduct and regulatory detection is

constrained in regions with high level of corruption. To test the hypothesis, I partition the sample

according to the degree of corruption at the province level. Following Dong and Torgler (2013),

I use the number of corruption cases filed to measure the degree of corruption. The statistics on

corruption case filings are obtained from Procuratorial Yearbooks and Procuratorial Work Reports,

and weighted by the size of the workforce. To alleviate the concern that the number of cases may

reflect the regional variations in anti-corruption effort, only the five years after the anti-corruption

campaign are used to construct the measure as China’s anti-corruption campaign has been nation-
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wide since 2012. Moreover, the central government can dispatch the Central Leading Group for

Inspection Work to station in provinces to investigate corruption. Local governments must not

influence or interfere with the work of inspection groups, nor prevent or interfere with the public

from reporting issues to these teams. Following the anti-corruption campaign, an unprecedented

large-scale inspection initiative was launched. Starting from the first round of inspections in May

2013, over the next five years, twelve rounds of inspections were conducted with 160 Central Lead-

ing Groups dispatched, achieving extensive coverage of all provinces and municipalities.11 Thus,

the comprehensive nationwide anti-corruption campaign significantly reduced regional disparities

in anti-corruption efforts. I separately estimate the DCE model on samples of firms in regions with

different levels of corruption and present the results in Table 1.12. We observe that the treatment

effects are statistically significant among firms in the low corruption regions, while the effects are

insignificant in the high corruption regions. The results are consistent with the hypothesis that the

pervasiveness of corruption weakens the effects of Rule 18 as the political connections may persist

or reform in alternative channels.

1.9 Implication of Political Connections

Although the main findings of this paper suggest that the disruption in political connections leads

to improved corporate compliance and enhanced regulatory detection of misconduct, studies have

consistently documented that, across various countries, corporate political connections add to firm

value (e.g., Faccio, 2006; Goldman et al., 2009). The shareholder value gain from the political con-

nections indicates investors’ preference for these connections, despite the significant costs incurred

by the connections. Specifically in the context of China, Hu et al. (2020) find that the departures of
11https://www.gov.cn/xinwen/2017-06/23/content_5204677.htm

31



politically connected directors result in reduced long-term debt financing and government subsidies

but also less self-dealing activities and over-investments; meanwhile, the investors react negatively

to the events, weighing the losses over the gains from the weakened political ties. The market

reactions imply that investors perceive political connections as a valuable corporate asset, though

the connections expose them to a heightened risk of expropriation. While the existing literature

has extensively explored the implications of political connections for investors, the perspective of

key corporate insiders on these connections remains relatively unexamined. In this section, I will

conduct two tests to shed light on how the key insiders view the political connections.

1.9.1 Directors and Officers Insurance

Directors and Officers insurance (D&O insurance) provides liability coverage for corporate execu-

tives, safeguarding them against claims initiated by investors, third parties or regulators for alleged

wrongdoing. Thus, the key insiders’ demand for D&O insurance reflects the perceived level of

liability risk they face. When the executives are confident that the political connections are able

to protect them against claims, they would be less inclined to purchase D&O insurance. Analyzing

the key insiders’ decision to start D&O insurance coverage for themselves following Rule 18 can

elucidate their perceived value of political connections in insulating them against liabilities. Table

1.13 presents the results from this analysis. The statistically significant coefficients show that firms

affected by Rule 18 are more likely to purchase D&O insurance coverage after the policy shock. The

coefficient in column 4 indicates that odds of starting D&O coverage is 3.5 (=e1.254) times higher

for firms with resigned government official directors. The results are consistent with Jia et al.

(2019) who find firms with political connections tend to have a lower demand for D&O insurance,

suggesting the key insiders’ perception of political connection as a form of protection. This “I’m
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covered” attitude may influence firm compliance, as Liu (2016) finds that the corruption attitude

of key insiders can result in corporate culture more conducive to misconduct.

1.9.2 Executives’ Sentiment

A limitation of the analysis on D&O insurance purchase is the low adoption of such insurance in

China. Only about 4% of firms in China have D&O insurance during the sample period, which

is substantially lower than the high coverage rates in more developed capital markets. This lim-

ited adoption of D&O insurance among Chinese firms restricts more nuanced analyses. Thus, to

enrich the analyses on how key insiders perceive and respond to political connections, I turn to

an alternative source of insight—the sentiments expressed by key insiders during communications

with investors. This approach leverages the enhanced mandatory disclosure requirements issued in

2012, which aimed to promote transparency by mandating listed firms to disclose detailed infor-

mation about corporate site visits within two days of such visits. In China, investors and sell-side

analysts can request corporate site visit to better assess the firm’s business, operations and manage-

ment through direct interaction with corporate executives during meetings or question-and-answer

sessions and field tours of facilities. The site visit report, accessible via the interactive investor

relations platform maintained by the stock exchange, contains rich information on the visitors,

corporate executives involved and the content of the question-and-answer (Q&A) sessions, etc.

In this study, I parse over 320,000 Q&As from 40,902 site visit reports and conduct sentiment

analysis on the Q&As to evaluate the attitude of executives following the implementation of Rule 18.

Specifically, I employ the advanced capabilities of GPT-3.5 Turbo developed by OpenAI to assess

the sentiment of communications from executives. According to Fatouros et al. (2023), GPT-3.5

outperforms the established FinBERT model by 35% in sentiment classification for financial texts,
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making it a superior model for this analysis. In applying the GPT-3.5 Turbo model, the system

is prompted to assume the role of a financial analyst. Under this setup, the model is prompted to

evaluate the sentiment embedded in the executives’ communications to investors and then assign

a sentiment score from 1 to 5, with 1 being highly negative and 5 being highly positive. I analyze

the effect of Rule 18 on these sentiment scores, with results presented in Table 1.14. First, with

the entire sample of firms, columns 1 and 4 reveal that corporate executives from firms affected

by Rule 18 express more negative sentiments in their communications, suggesting that the key

insiders share the investors’ negative reactions to the weakened political ties. To further explore

the executives’ sentiment post-Rule 18, I separately analyze the effect for SOEs and non-SOEs.

For SOEs, columns 2 and 5 show that the SOEs affected by Rule 18 exhibit significantly lower

sentiments only in 2014, the year following Rule 18. Conversely, columns 3 and 6 on non-SOEs

indicate that the sentiment among non-SOE executives from treated firms continues to worsen

over the subsequent years. By 2017, on average, the sentiment score of treated non-SOEs is 0.162

lower than the control firms. The magnitude of this effect is approximately 30% of the standard

deviation in sentiment scores. The results imply a perception of political connections as a valuable

corporate asset, particularly among non-SOEs. As the benefits associated with these connections

expire over time, the sentiment of communications from non-SOE executives becomes even more

negative. The divergence in sentiment between the executives from SOEs and non-SOEs also reflects

the perception that the SOEs and non-SOEs have different incentives in appointing politically

connected directors. While shareholders of SOEs appoint such directors to represent their social

and political goals such as unemployment reduction, shareholders of non-SOEs are more inclined

to appoint official directors to gain access to state-controlled resources and navigate unfavorable

business environments (Wang, 2015). Therefore, the executives of non-SOEs tend to react more
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negatively following the disruption in political connections.

1.10 Conclusion

In this study, I empirically examine how political connections affect firm’s propensity to commit

misconduct and the likelihood of such misconduct being detected, leveraging a policy shock in

China that mandated government and Party officials to resign from their positions as independent

directors on corporate boards. Employing a difference-in-differences design embedded in a detection

controlled estimation model, I find strong evidence that the firms who have lost their politically

connected directors exhibit a marked reduction in their propensity to perpetrate misconduct, and

concurrently, the likelihood of such firms’ misconduct being detected increases. Moreover, the

eradication of political connections on board is particularly effective in deterring and detecting

high-level offenses, which tend to be both more consequential and costly to the capital markets.

The causal effects of the policy are also more pronounced among non-SOEs and firms in the regions

with lower level of corruption. Overall, these findings suggest that political connections influence

corporate compliance and create a more lenient regulatory environment, thereby posing significant

challenges to effective regulatory oversight. I further explore how the corporate key insiders view

the political connections by examining firms’ D&O insurance purchase and executives’ sentiments in

communications. The results show that firms affected by Rule 18 are more inclined to initiate D&O

insurance coverage and executives from such firms manifest more negative sentiments, implying that

the key insiders’ perception of political ties as a protective shield against liabilities and a valuable

asset to the firm.

This study enriches the existing body of knowledge on political connections and corporate mis-

conduct within the context of China, the leading emerging economy characterized by its relatively
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weak institutional frameworks. The insights gleaned from this study are not confined to this specific

context but resonate more broadly given the prevalence of political connections on a global scale.

Also, the challenges of regulatory capture brought by political ties are not exclusive to emerging

economies (e.g., Yu and Yu, 2011; Correia, 2014). Therefore, the findings of this study can poten-

tially extend beyond the borders of China, offering insights and implications for policymakers and

regulators who are concerned with the effects of political connections.
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Figures

Figure 1.1: Detection controlled estimation.
This figure shows how the two latent processes behind the detected misconduct evolve, adapted
from Feinstein (1990) and Shang (2022).
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Figure 1.2: Parallel trend graph.
This figure shows the trends in misconduct propensity (left panel) and detection rates (right penal)
for both the treated (black solid line) and control groups (grey solid line). The outcome variables are
calculated using the estimated coefficients obtained from the DCE model as in Table 1.4, averaging
across treated and control groups for years from 2010 to 2017. The dashed vertical line indicates
the timing of the implementation of Rule 18.
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Tables

Table 1.1: Sample Construction.
This table describes the sample construction procedure for the treatment firms.

All resignations of directors of firms listed on Shanghai and Shenzhen
Stock Exchanges after Rule 18 2272

Less: Resignations of directors without civil-service rank (1016)
Less: Resignations of directors from state-owned enterprises (492)
Less: Resignations of directors from universities, public research
institutions and other publicly funded organizations (381)

Resignations of politically connected directors 383
Firms with resigned politically connected directors 326
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Table 1.2: Descriptive Statistics.

This table presents the mean values of key variables for treated and control firms over the
period 2010-2017, with standard deviations displayed in parentheses below the means. The
difference column highlights the differences between the treated and control groups. **, **, and
* indicate statistical significance at the 1%, 5%, and 10% levels, respectively, based on Welch t-tests.

Full Sample Matched Sample
Variables Treatment Control Difference Treatment Control Difference

Detected Misconduct
Misconduct 0.2487 0.2763 -0.0276*** 0.2413 0.2629 -0.0216**

(0.4323) (0.4472) (0.4280) (0.4402)

Ex ante variables
Ext. Fin. Need 0.1157 0.1157 0.0000 0.1133 0.1109 0.0024

(0.3520) (0.3439) (0.3604) (0.3397)
Leverage 0.5088 0.4732 0.0356*** 0.5208 0.5261 -0.0053

(0.2420) (0.2366) (0.2414) (0.2232)
Adjusted Return 0.1337 0.1347 -0.0010 0.1350 0.1260 0.0090

(0.6111) (0.5838) (0.6152) (0.5829)
Ind. EPS Growth 0.5007 0.5294 -0.0287*** 0.4912 0.4963 -0.0051

(0.2165) (0.2139) (0.2159) (0.2140)
Change ROA -0.0001 -0.0008 0.0007 0.0002 -0.0004 0.0006

(0.0580) (0.0617) (0.0598) (0.0560)
Mgmt. Ownership 0.0634 0.0898 -0.0264*** 0.0455 0.0440 0.0015

(0.1500) (0.1704) (0.1264) (0.1230)
Disc. Accruals 0.0876 0.0885 -0.0009 0.0884 0.0857 0.0027

(0.2064) (0.1777) (0.2125) (0.1566)
Inst. Ownership 0.4425 0.4030 0.0395*** 0.4535 0.4562 -0.0027

(0.2219) (0.2319) (0.2176) (0.2262)
Analyst Coverage 1.6110 1.5223 0.0887*** 1.5808 1.5361 0.0447

(1.1697) (1.1471) (1.1770) (1.1693)
Age 2.7978 2.7795 0.0183** 2.8086 2.8027 0.0059

(0.3105) (0.3334) (0.3122) (0.3261)
Size 22.4181 22.0548 0.3633*** 22.4325 22.4124 0.0201

(1.5762) (1.3885) (1.5851) (1.4915)
SOE 0.5364 0.4141 0.1223*** 0.5766 0.5671 0.0095

(0.4988) (0.4926) (0.4942) (0.4955)

Ex post variables
Abn. ROA 0.0013 0.0018 -0.0005 0.0015 0.0011 0.0004

(0.0446) (0.0497) (0.0447) (0.0442)
Disastrous Return 0.0948 0.1035 -0.0087 0.0961 0.0880 0.0081

(0.2929) (0.3047) (0.2948) (0.2833)
Abn. Return Vol. -0.0042 -0.0033 -0.0009 -0.0041 -0.0027 -0.0014

(0.1526) (0.0948) (0.1585) (0.0798)
Abn. Stock Turnover -1.4426 -1.2742 -0.1684 -1.5850 -1.3355 -0.2495

(19.8288) (20.7905) (19.9310) (20.6684)
Abn. Miscond. Int. 0.4177 0.4712 -0.0535** 0.3842 0.3835 0.0007

(1.0698) (1.0172) (1.1072) (0.9461)

b
N 1794 12061 1650 6831
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Table 1.3: Conventional DiD Results.

This table presents results from estimating difference-in-differences models where the dependent
variable is the detected misconduct dummy which is the product of Mi and Di. Treat is the
treatment indicator which equals one for firms with independent directors affected by Rule
18. Post is a dummy variables for post-treatment periods spanning the years from 2014 to
2017. The misconduct and detection variables are outlined in Section 1.4 and relevant to
the decision to commit misconduct and the likelihood of its detection. Columns 1 to 6 use
ordinary least squares and columns 7 to 9 use Logit. t-statistics are presented in the parenthe-
ses. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Detected Misconduct Dummy
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Treat*Post −0.0120 −0.0174 −0.0104 −0.0135 −0.0166 −0.0118 0.0358 −0.0424 −0.0154
(−0.8478) (−1.2275) (−0.7339) (−0.6444) (−0.7922) (−0.5663) (0.4774) (−0.5655) (−0.2031)

Misconduct Variables Yes No Yes Yes No Yes Yes No Yes
Detection Variables No Yes Yes No Yes Yes No Yes Yes
Firm FE No No No Yes Yes Yes N/A N/A N/A
Year FE No No No Yes Yes Yes N/A N/A N/A
Industry FE No No No Yes Yes Yes N/A N/A N/A
Observations 13,855 13,855 13,855 13,855 13,855 13,855 13,855 13,855 13,855
R2 0.0543 0.0443 0.0621 0.4000 0.4008 0.4031
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Table 1.4: Main Results.

This table reports the main results from the estimation of DCE model. The dependent variable
in the misconduct equation is the misconduct indicator Mi that equals one when the misconduct
is perpetrated. The dependent variable in the detection equation is the detection outcome
indicator Di that equals one when the instance of misconduct is detected. Treat is the treatment
indicator which equals one for firms with independent directors affected by Rule 18. Post is
a dummy variables for post-treatment periods spanning the years from 2014 to 2017. Coef
columns show the estimated coefficients and z-value columns present z-statistics in parentheses.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

All Misconducts Financial Misconducts High-level Offenses Low-level offenses

Variable Coef z-value Coef z-value Coef z-value Coef z-value

Misconduct Equation
Treat*Post -1.5232*** (-3.0334) -1.3988*** (-2.9854) -2.5502** (-2.1836) -0.1348 (-0.1548)
Treat 0.7809* (1.8411) 0.7164* (1.8509) 1.7382 (1.5064) -0.2470 (-0.4437)
Post -0.1762 (-0.8801) -0.1664 (-0.8608) -0.2350 (-1.1591) -1.4499*** (-3.0906)
Ext. Fin. Need 0.5696*** (4.669) 0.6078*** (4.6969) 0.6410*** (4.0862) 0.3577** (2.2083)
Leverage 0.9884*** (4.9337) 1.0285*** (4.9292) 1.0039*** (4.5158) 0.5732** (2.4175)
Adjusted Return 0.0698 (1.5986) 0.0598 (1.4074) 0.1185** (2.1133) 0.0374 (0.9492)
Ind. EPS Growth 0.1608 (1.533) 0.1253 (1.2089) 0.2028 (1.5921) 0.0914 (0.8623)
Change ROA -1.389*** (-2.895) -1.2605*** (-2.6852) -2.0138*** (-3.0007) -0.3355 (-0.8238)
Mgmt. Ownership -0.3196* (-1.9479) -0.2711* (-1.6747) -0.2664 (-1.4346) -0.4114* (-1.8273)
Disc. Accruals -0.0428 (-0.4076) -0.0429 (-0.4081) -0.0333 (-0.2575) -0.0185 (-0.1976)
Inst. Ownership -0.5358*** (-3.8418) -0.5214*** (-3.7481) -0.6470*** (-3.7561) -0.2379* (-1.6756)
Analyst Coverage -0.1076*** (-3.5984) -0.1130*** (-3.6880) -0.0705** (-2.2658) -0.0981** (-2.2198)
Age 0.0661 (1.0431) 0.0674 (1.0688) 0.0032 (0.0405) 0.1566* (1.6750)
Size -0.1076*** (-3.9246) -0.1121*** (-3.9927) -0.1423*** (-3.9390) -0.0232 (-0.9927)
SOE -0.4911*** (-3.1289) -0.5230*** (-3.2206) -0.5708*** (-3.4381) 0.0586 (0.4755)
(Intercept) 3.1869*** (5.5711) 3.2623*** (5.6096) 4.0189*** (5.2793) 1.9625*** (3.8454)

Detection Equation
Treat*Post 1.0121*** (2.5784) 0.9298** (2.5536) 1.2827*** (3.1638) 0.2291 (0.3478)
Treat -0.3851*** (-2.6579) -0.3631** (-2.4993) -0.5847*** (-4.0421) 0.0547 (0.2906)
Post 0.2443** (2.2407) 0.2368** (2.2073) 0.2934*** (2.6624) 0.7790*** (2.7576)
Abn. ROA -1.3232*** (-4.6899) -1.3507*** (-4.7515) -1.4771*** (-4.6791) -0.8466** (-2.5362)
Disastrous Return 0.2132*** (4.6006) 0.2216*** (4.6717) 0.2235*** (4.3330) 0.1347*** (2.7580)
Abn. Return Vol. -0.2886 (-1.4776) -0.2759 (-1.4138) -0.3367 (-1.5348) -0.0409 (-0.1909)
Abn. Stock Turnover -0.0006 (-0.8424) -0.0005 (-0.7653) 0.0005 (0.6240) -0.0015* (-1.9314)
Disc. Accruals 0.0129 (0.1879) 0.0167 (0.2435) 0.0527 (0.6746) -0.0316 (-0.4378)
Abn. Miscond. Int. 0.0476** (2.0401) 0.0489** (2.0833) 0.0386 (1.4696) 0.0338 (1.3678)
Analyst Coverage -0.0475*** (-3.2694) -0.0470*** (-3.2110) -0.0469*** (-2.7483) -0.0457** (-2.1296)
SOE -0.0234 (-0.2447) -0.0225 (-0.2309) -0.0399 (-0.3714) -0.2232*** (-3.1540)
(Intercept) -0.2586*** (-2.8039) -0.2646*** (-2.9022) -0.5369*** (-5.6560) -0.9174*** (-9.7388)

Log Likelihood -7577 -7391 -5526 -4222
Observations 13855 13731 12457 11642
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Table 1.5: Main Results (Matched).

This table reports the main results from the estimation of DCE model on a PSM-matched sample.
The dependent variable in the misconduct equation is the misconduct indicator Mi that equals
one when the misconduct is perpetrated. The dependent variable in the detection equation is the
detection outcome indicator Di that equals one when the instance of misconduct is detected. Treat
is the treatment indicator which equals one for firms with independent directors affected by Rule
18. Post is a dummy variables for post-treatment periods spanning the years from 2014 to 2017.
Coef columns show the estimated coefficients and z-value columns present z-statistics in parenthe-
ses. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

All Misconducts Financial Misconducts High-level Offenses Low-level offenses

Variable Coef z-value Coef z-value Coef z-value Coef z-value

Misconduct Equation
Treat*Post -1.4515*** (-2.9313) -1.2998*** (-2.8170) -2.6094*** (-2.6926) 0.3638 (1.0366)
Treat 0.8418** (2.1467) 0.7258** (2.0439) 1.8382* (1.9421) -0.1152 (-0.4706)
Post -0.1965 (-0.7704) -0.1999 (-0.7783) -0.0546 (-0.2322) -0.7437*** (-2.9575)
Ext. Fin. Need 0.4001** (2.3394) 0.4296** (2.2830) 0.5047** (2.1467) 0.1897* (1.7990)
Leverage 0.8487*** (2.5913) 0.8718** (2.4757) 1.0806*** (2.6842) 0.5334* (1.7080)
Adjusted Return 0.0572 (1.1295) 0.0493 (1.0242) 0.0673 (0.8920) 0.0780 (1.1576)
Ind. EPS Growth 0.1813 (1.4647) 0.1750 (1.4446) 0.1749 (1.0351) 0.2253 (1.3158)
Change ROA -1.4400** (-2.0291) -1.2522* (-1.8562) -2.8434** (-2.1490) -0.4058 (-1.0207)
Mgmt. Ownership -0.0674 (-0.2716) 0.0107 (0.0434) -0.0462 (-0.1306) -0.2791 (-0.6844)
Disc. Accruals -0.0357 (-0.2934) -0.0415 (-0.3477) -0.0924 (-0.5520) 0.0496 (0.3240)
Inst. Ownership -0.5069** (-2.2895) -0.5148** (-2.1860) -0.6211** (-2.2203) -0.3480* (-1.8468)
Analyst Coverage -0.0648* (-1.9255) -0.0628* (-1.9158) -0.0493 (-1.1581) -0.0592* (-1.7256)
Age 0.1860* (1.8492) 0.1923* (1.8360) 0.1376 (1.1709) 0.1391** (2.0632)
Size -0.1428** (-2.5493) -0.1432** (-2.4261) -0.2278*** (-2.8037) -0.0477 (-1.3743)
SOE -0.4415** (-2.0865) -0.4571** (-2.0434) -0.6197** (-2.4298) -0.1564 (-0.8659)
(Intercept) 3.6696*** (3.7074) 3.6271*** (3.5737) 5.5969*** (3.6685) 2.3016** (2.1779)

Detection Equation
Treat*Post 0.8468** (2.2782) 0.8055** (2.2246) 1.0557*** (2.7617) -0.2503 (-0.9498)
Treat -0.4251*** (-2.9438) -0.3956*** (-2.6777) -0.6130*** (-4.1654) 0.0586 (0.3865)
Post 0.2858* (1.9155) 0.2836* (1.8450) 0.1767 (1.4262) 0.5431** (2.1718)
Abn. ROA -1.1159*** (-2.6642) -1.0612** (-2.4777) -1.5845*** (-3.4527) -0.1685 (-0.4963)
Disastrous Return 0.1380** (2.5044) 0.1445** (2.5390) 0.1775*** (2.6779) 0.0454 (0.9158)
Abn. Return Vol. 0.0750 (0.3085) 0.0721 (0.2977) 0.0378 (0.1331) 0.2112 (0.9944)
Abn. Stock Turnover -0.0018** (-2.0703) -0.0018** (-2.079) 0.0004 (0.3609) -0.0034*** (-3.0677)
Disc. Accruals 0.0838 (0.8425) 0.0774 (0.7787) 0.1614 (1.3698) -0.0635 (-0.6362)
Abn. Miscond. Int. 0.0259 (0.9460) 0.0249 (0.9009) 0.0297 (0.9044) 0.0049 (0.2025)
Analyst Coverage -0.0417** (-2.1172) -0.0370* (-1.8620) -0.0465* (-1.8834) -0.0197 (-1.0962)
SOE -0.0090 (-0.0822) 0.0063 (0.0552) -0.0490 (-0.4260) -0.0257 (-0.2887)
(Intercept) -0.2594** (-2.3357) -0.2729** (-2.4242) -0.5105*** (-4.6805) -0.9745*** (-5.2687)

Log Likelihood -4487 -4367 -3198 -2555
Observations 8481 8399 7643 7237
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Table 1.6: Comparison of Directors.

This table shows the results from the comparison of the newly appointed and resigned directors
using Logit models. The dependent variable is the new director dummy which equals one if the
person is a newly appointed director replacing the resigned official director. Male is the gender
dummy that equals one when the director is male. Age is the natural log of the director’s age. Len.
Resume is the natural log of the length of the director’s curriculum vitae, capturing the breadth of
experience. PhD and MBA are the degree level dummies that equals one when the director holds
the relevant degree. Prof. Title is the professional title (“zhi cheng”) dummy that equals one if
the director holds a title in China’s system of professional classification. Salary is the natural log
of the director’s compensation. Law and Finance are the background dummies that equals one if
the director has expertise in law or finance. Busy is the natural log of number of directorships,
capturing busyness of director. t-statistics are presented in the parentheses. ***, **, and * indicate
statistical significance at the 1%, 5%, and 10% levels, respectively.

New Director Dummy
(1) (2) (3)

Male −0.2669 −0.3189 −0.4244
(−0.8446) (−0.9891) (−1.1586)

Age −16.0347*** −15.8041*** −15.8319***
(−14.0119) (−13.6383) (−12.4060)

Len. Resume 0.2163 0.0976 −0.1407
(1.3426) (0.5851) (−0.7174)

PhD 0.2546 0.4617
(0.7113) (1.1831)

MBA −0.1811 1.0573
(−0.1266) (0.7191)

Prof. Title 0.4894** 0.4000
(2.0956) (1.5633)

Salary −0.0146
(−0.5825)

Law −0.4924*
(−1.7570)

Finance −1.4192***
(−4.8783)

Busy 1.7515***
(4.3292)

Constant 64.9893*** 64.4361*** 66.3822***
(13.3509) (13.1193) (11.9721)

Observations 815 815 738
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Table 1.7: Pseudo-Treatment Sample.

This table reports the results from the estimation of DCE model on a pseudo-treatment sam-
ple. The pseudo-treatment group is composed of firms with resigned directors from entities
such as public research institutions, SOEs, universities and other publicly funded organiza-
tions. The dependent variable in the misconduct equation is the misconduct indicator Mi

that equals one when the misconduct is perpetrated. The dependent variable in the detec-
tion equation is the detection outcome indicator Di that equals one when the instance of
misconduct is detected. Treat is the treatment indicator which equals one for firms with
independent directors affected by Rule 18. Post is a dummy variables for post-treatment
periods spanning the years from 2014 to 2017. The control variables are outlined in Section
1.4 and relevant to the decision to commit misconduct and the likelihood of its detection. Coef
columns show the estimated coefficients and z-value columns present z-statistics in parenthe-
ses. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

All Misconducts Financial Misconducts High-level Offenses Low-level offenses

Variable Coef z-value Coef z-value Coef z-value Coef z-value

Misconduct Equation
Treat*Post -0.3097 (-0.8739) -0.2291 (-0.6563) 0.1736 (0.4253) 0.4536 (0.3942)

Detection Equation
Treat*Post 0.1773 (0.8367) 0.1523 (0.7182) -0.1305 (-0.5769) 0.1376 (0.3541)

Controls Yes Yes Yes Yes
Log Likelihood -6663 -6495 -4888 -3692
Observations 12061 11948 10831 10092
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Table 1.8: Concurrent Event: Eight-Point Regulation.

This table reports the results from the estimation of DCE model with additional control variable
ETC expenditures. Following Cai et al. (2011), ETC is natural log of the entertainment and travel
costs (ETC) itemized in the notes of financial statements. The dependent variable in the miscon-
duct equation is the misconduct indicator Mi that equals one when the misconduct is perpetrated.
The dependent variable in the detection equation is the detection outcome indicator Di that
equals one when the instance of misconduct is detected. Treat is the treatment indicator which
equals one for firms with independent directors affected by Rule 18. Post is a dummy variables for
post-treatment periods spanning the years from 2014 to 2017. The control variables are outlined in
Section 1.4 and relevant to the decision to commit misconduct and the likelihood of its detection.
Coef columns show the estimated coefficients and z-value columns present z-statistics in parenthe-
ses. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

All Misconducts Financial Misconducts High-level Offenses Low-level offenses

Variable Coef z-value Coef z-value Coef z-value Coef z-value

Misconduct Equation
Treat*Post -1.5306*** (-3.2135) -1.4544*** (-3.1988) -2.8465** (-2.1154) -0.0936 (-0.1070)
ETC 0.0200*** (3.8451) 0.0213*** (3.9321) 0.0257*** (4.0696) 0.0000 (-0.0008)

Detection Equation
Treat*Post 1.1128*** (3.0338) 1.0016*** (3.0404) 1.5043*** (3.5306) 0.2119 (0.3297)
ETC -0.0060 (-1.5760) -0.0063* (-1.6493) -0.0065 (-1.5267) 0.0021 (0.5464)

Controls Yes Yes Yes Yes
Log Likelihood -7564 -7377 -5510 -4222
Observations 13855 13731 12457 11642
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Table 1.9: Concurrent Event: Investigation of Officials.

This table reports the results from the estimation of DCE model with firm that has resigned
director under subsequent investigation removed. The dependent variable in the misconduct
equation is the misconduct indicator Mi that equals one when the misconduct is perpetrated. The
dependent variable in the detection equation is the detection outcome indicator Di that equals one
when the instance of misconduct is detected. Treat is the treatment indicator which equals one for
firms with independent directors affected by Rule 18. Post is a dummy variables for post-treatment
periods spanning the years from 2014 to 2017. The control variables are outlined in Section
1.4 and relevant to the decision to commit misconduct and the likelihood of its detection. Coef
columns show the estimated coefficients and z-value columns present z-statistics in parentheses.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

All Misconducts Financial Misconducts High-level Offenses Low-level offenses

Variable Coef z-value Coef z-value Coef z-value Coef z-value

Misconduct Equation
Treat*Post -1.5018*** (-3.0267) -1.3797*** (-2.9703) -2.5029** (-2.2745) -0.0347 (-0.0410)

Detection Equation
Treat*Post 1.0063** (2.5536) 0.9218** (2.5260) 1.2819*** (3.1450) 0.1467 (0.2376)

Controls Yes Yes Yes Yes
Log Likelihood -7574 -7388 -5525 -4219
Observations 13847 13723 12450 11634
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Table 1.10: Pseudo-Event Sample.

This table reports the results from the estimation of DCE model on a pseudo-event sample
where the pseudo-event year is 2008. The dependent variable in the misconduct equation is the
misconduct indicator Mi that equals one when the misconduct is perpetrated. The dependent
variable in the detection equation is the detection outcome indicator Di that equals one when the
instance of misconduct is detected. Treat is the treatment indicator which equals one for firms
with independent directors affected by Rule 18. Post is a dummy variables for post-pseudo-event
periods spanning the years from 2009 to 2012. The control variables are outlined in Section
1.4 and relevant to the decision to commit misconduct and the likelihood of its detection. Coef
columns show the estimated coefficients and z-value columns present z-statistics in parenthe-
ses. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

All Misconducts Financial Misconducts High-level Offenses Low-level offenses

Variable Coef z-value Coef z-value Coef z-value Coef z-value

Misconduct Equation
Treat*Post 0.0000 (0.0001) -0.0148 (-0.0520) 0.0809 (0.0910) 0.3891 (1.0191)

Detection Equation
Treat*Post -0.0447 (-0.0452) 0.0270 (0.0329) -0.2101 (-0.7741) -1.8190 (-0.7618)

Controls Yes Yes Yes Yes
Log Likelihood -3429 -3383 -2181 -2144
Observations 8325 8298 7694 7665
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Table 1.11: State-owned Enterprises.

This table reports the results from the estimation of DCE model on subsamples of SOEs and
non-SOEs. The dependent variable in the misconduct equation is the misconduct indicator Mi

that equals one when the misconduct is perpetrated. The dependent variable in the detection
equation is the detection outcome indicator Di that equals one when the instance of misconduct is
detected. Treat is the treatment indicator which equals one for firms with independent directors
affected by Rule 18. Post is a dummy variables for post-pseudo-event periods spanning the
years from 2014 to 2017. The control variables are outlined in Section 1.4 and relevant to the
decision to commit misconduct and the likelihood of its detection. Coef. Diff. is the difference
in the estimated coefficients between the two subsamples, tested for null hypothesis of zero
using the method proposed in Clogg et al. (1995). z-statistics are presented in the parentheses.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

All Misconducts Financial Misconducts High-level Offenses Low-level offenses

Variable SOE non-SOE SOE non-SOE SOE non-SOE SOE non-SOE

Misconduct Equation
Treat*Post -1.9743 -1.5582*** -1.5540 -1.4534** -1.2527 -1.7549* -0.2461 0.1268

(-1.1951) (-2.6237) (-1.3389) (-2.5165) (-1.2622) (-1.9295) (-0.2763) (0.0010)
Coef. Diff. -0.4161 -0.1006 0.5023 -0.3729

(-0.2370) (-0.0776) (0.3731) (-0.0028)

Detection Equation
Treat*Post 0.7302 2.3311** 0.5445 2.4537* 0.6783 2.6304** -0.1044 -0.2473

(0.5944) (2.2721) (0.7299) (1.6526) (0.9967) (2.2056) (-0.3026) (-0.3941)
Coef. Diff. -1.6009 -1.9092 -1.9521* 0.1429

(-1.0002) (-1.1490) (-1.4216) (0.1995)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Log Likelihood -2938 -4663 -2818 -4601 -1918 -3622 -1812 -2407
Observations 6171 7684 6099 7632 5596 6861 5542 6100
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Table 1.12: Level of Corruption.

This table reports the results from the estimation of DCE model on subsamples of firms in
regions with different levels of corruption. The level of corruption in each province is proxied
by the number of corruption case filings weighted by the size of the workforce. High and low
levels of corruption are differentiated by the median of this corruption measure. The dependent
variable in the misconduct equation is the misconduct indicator Mi that equals one when the
misconduct is perpetrated. The dependent variable in the detection equation is the detection
outcome indicator Di that equals one when the instance of misconduct is detected. Treat
is the treatment indicator which equals one for firms with independent directors affected by
Rule 18. Post is a dummy variables for post-pseudo-event periods spanning the years from
2014 to 2017. The control variables are outlined in Section 1.4 and relevant to the decision
to commit misconduct and the likelihood of its detection. Coef. Diff. is the difference in
the estimated coefficients between the two subsamples, tested for null hypothesis of zero using
the method proposed in Clogg et al. (1995). z-statistics are presented in the parentheses.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

All Misconducts Financial Misconducts High-level Offenses Low-level offenses

Variable Low Corr. High Corr. Low Corr High Corr Low Corr High Corr Low Corr High Corr

Misconduct Equation
Treat*Post -0.9500** -3.4754 -0.8529** -3.8066 -0.5967* -1.2259 -0.4734 3.3071

(-2.1803) (-0.0224) (-2.1195) (-0.0418) (-1.8560) (-0.9993) (-1.3114) (0.0137)
Coef. Diff. 2.5254 2.9538 0.6292 -3.7805

(0.0163) (0.0325) (0.4961) (-0.0156)

Detection Equation
Treat*Post 1.0594** 0.3049 0.9396** 0.3244 0.8395** 0.4136 -3.6815 -0.0988

(2.4385) (0.7956) (2.3459) (0.7706) (2.3065) (1.2157) (-0.0025) (-0.3830)
Coef. Diff. 0.7546* 0.6151 0.4259 -3.5827

(1.3025) (1.0585) (0.8548) (-0.0025)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Log Likelihood -5725 -1816 -5610 -1748 -4196 -1292 -3127 -1047
Observations 10657 3198 10582 3149 9629 2828 8963 2679
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Table 1.13: D&O Insurance.

This table reports the effect of Rule 18 on D&O insurance coverage. The dependent variable is
a binary variable indicating the firm’s decision to start D&O insurance coverage. Treat is the
treatment indicator which equals one for firms with independent directors affected by Rule 18.
Post is a dummy variables for post-pseudo-event periods spanning the years from 2014 to 2017.
The control variables are selected following Jia et al. (2019), including firm size, leverage, book-
to-market ratio, return on assets, state-owned-enterprise dummy, abnormal return volatility, stock
holdings by top management team and ownership concentration proxied by shares owned by the
largest shareholder. Columns 1 and 2 use ordinary least squares and columns 3 and 4 use Logit.
t-statistics are presented in the parentheses. ***, **, and * indicate statistical significance at the
1%, 5%, and 10% levels, respectively.

D&O Insurance Purchase
(1) (2) (3) (4)

Treat*Post 0.0062** 0.0073*** 1.1850*** 1.2473***
(2.5825) (3.4679) (2.7341) (3.2250)

Controls No Yes No Yes
Firm FE Yes Yes N/A N/A
Year FE Yes Yes N/A N/A
Industry FE Yes Yes N/A N/A
Observations 17,422 13,668 17,422 13,668
R2 0.1369 0.1936 N/A N/A
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Table 1.14: Sentiment Analysis.

This table reports the effect of Rule 18 on the sentiment of executives’ communications to investors.
The dependent variable is sentiment score measuring the tone of executives, with 1 being highly
negative and 5 being highly positive. Treat is the treatment indicator which equals one for firms
with independent directors affected by Rule 18. Y r2013 to Y r2017 are the dummy variables for the
years from 2013 to 2017. The control variables are firm age, firm size, change in return on assets,
book-to-market ratio, discretionary accruals, abnormal return volatility, external financing needs,
analyst coverage and institutional ownership as suggested by literature on managers’ sentiment
(e.g., Li, 2010). t-statistics are presented in the parentheses. ***, **, and * indicate statistical
significance at the 1%, 5%, and 10% levels, respectively.

Sentiment Score
All Firms SOE non-SOE All Firms SOE non-SOE

(1) (2) (3) (4) (5) (6)
Treat*Yr2013 −0.0535 −0.1258 −0.0514 −0.0620 −0.1155 −0.0733

(−1.3902) (−1.6336) (−1.1354) (−1.5509) (−1.4855) (−1.5464)

Treat*Yr2014 −0.0748* −0.1722** −0.0617 −0.0674* −0.1546** −0.0584
(−1.9387) (−2.2176) (−1.3657) (−1.6699) (−1.9758) (−1.2195)

Treat*Yr2015 −0.0680* −0.0293 −0.0986** −0.0614 −0.0462 −0.0977**
(−1.7342) (−0.3704) (−2.1443) (−1.4974) (−0.5792) (−2.0152)

Treat*Yr2016 −0.0882** −0.0738 −0.1203*** −0.0775* −0.0611 −0.1174**
(−2.2523) (−0.9237) (−2.6263) (−1.8953) (−0.7543) (−2.4355)

Treat*Yr2017 −0.0962** −0.0344 −0.1413*** −0.1064** −0.0393 −0.1656***
(−2.4065) (−0.4284) (−3.0091) (−2.5423) (−0.4803) (−3.3350)

Controls No No No Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Observations 35,795 7,662 28,133 33,529 7,260 26,269
R2 0.2641 0.3047 0.2539 0.2701 0.3063 0.2606
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Appendix: Key Variable Definition

Variables Definitions
Misconduct Dummy A binary variable equal to one if the firm has detected misconduct

in a given year, and zero otherwise.
Treated Treatment status indicator, equal to one if the firm is in the treated

sample, and zero if the firm is in the control sample.
Post Post-policy period indicator, equal to one for periods spanning the

years from 2014 to 2017, and zero otherwise.
Abn. Miscond. Int. Abnormal misconduct intensity in an industry, calculated as the

deviation from the mean industry misconduct intensity measured
by the natural log of total value of misconducting firms in an
industry and year.

Abn. Return Vol. Abnormal return volatility, calculated as the deviation from the
mean volatility of monthly stock returns in a year.

Abn. ROA Abnormal return on assets, calculated as the residual from the
regressing year t’s return on assets on the previous two years’
return on assets.

Abn. Stock Turnover Abnormal stock turnover, calculated as the deviation from the
mean monthly turnover in a year.

Adjusted Return Annual stock return minus the value-weighted market return.
Age Firm age, calculated as the natural log of years since the firm has

founded.
Analyst Coverage The number of analysts covering the firm in a given year.
Change ROA Yearly change in return on assets.
Disastrous Return A dummy variable equal to one if the firm’s stock return in a year

is in the bottom 10% of all the observations, and zero otherwise.
Disc. Accruals Discretionary accruals, the absolute value of discretionary accruals

calculated using Dechow et al. (1995)’s modified Jones model.
Ext. Fin. Need External financing need, calculated as assets growth rate - return

on assets / (1 - return on assets).
Ind. EPS Growth Industry earnings per share growth, calculated as the median of

industry forecasted earnings per share growth which is measured
as the rate of change in forecasted earnings per share by analysts
over the realized earnings per share in the previous year.

Inst. Ownership Institutional ownership, calculated as the percentage of shares
owned by institutional investors.

Leverage Financial leverage, calculated as the ratio of total liabilities to
assets.

Mgmt. Ownership Management ownership, calculated as the percentage of shares
held by the managers.

Size Firm size, calculated as the natural log of firm’s total assets.
SOE A dummy variable equal one if the firm is a state-owned-enterprise,

and zero otherwise.
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2 Chapter 2: Shadow Insurance? Money Market Fund Investors and

Bank Sponsorship12

Stefan Jacewitz, Haluk Unal and Chengjun Wu

2.1 Introduction

Bank holding companies (BHCs) frequently own both insured bank subsidiaries and uninsured

nonbanks, such as insurance or brokerage subsidiaries, or hold nonoperational subsidiaries, such as

special purpose vehicles (SPVs). The Gramm-Leach-Bliley Act of 1999 accelerated BHCs’ shift into

nonbank businesses by potentially giving them increased scope economies and by allowing them to

diversify into nonbank services. However, evidence has accumulated that nonbank activities lead

to regulatory arbitrage and have negative spillover effects on commercial banks and the economy

in general. Acharya et al. (2013) show that BHCs extend implicit guarantees to the SPVs they

create. Chernenko and Sunderam (2014) demonstrate that the risk-taking by money market funds

can disrupt their short-term lending to creditworthy borrowers. Ferreira et al. (2018) argue that

equity fund managers support affiliated banks’ lending operations. Pogach and Unal (2020) provide

evidence that BHCs protect their nonbanks from the pressures of external dividends by using the

bank segment’s internal dividends.

We add to this growing literature by examining the BHC sponsorship of money market funds

(BHC-sponsored MMFs). This industry goes back to the early 1980s and is among the earliest

nonbank affiliations of BHCs. Other financial institutions that are not part of the usual financial
12This chapter was originally published on The Review of Corporate Finance Studies, Volume 11, Issue 2, May

2022, Pages 414–456. The analysis, conclusions, and opinions set forth in this chapter are those of the authors alone
and do not necessarily reflect the views of the Federal Deposit Insurance Corporation, the Federal Reserve Bank of
Kansas City, the Federal Reserve System, or the United States.
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safety-net can also establish and sponsor MMFs (non-BHC-sponsored MMF). Sponsoring institu-

tions extend an implicit guarantee to MMF investors: that the sponsors will support the funds

in times of crises. The guarantee is implicit because the sponsors do not have a legal obligation

to support an ailing MMF under its sponsorship. However, as Kacperczyk and Schnabl (2013)

point out, sponsors have the incentive to support an ailing MMF to minimize the spillover risk of a

failed MMF to other businesses of the sponsor. Our objective is to understand how BHC-sponsored

MMFs are different from non-BHC-sponsored MMFs, and whether this affiliation creates regulatory

arbitrage opportunities for the sponsoring BHC.

Sponsorship by a BHC rather than a non-BHC can matter for investors because the fund man-

agement can benefit from an affiliation with a BHC. The BHC has relatively quick access to cheap

and information-insensitive funding sources through its bank subsidiaries, such as insured, bro-

kered deposits, or the discount window. Federal guidelines recognize the cross-subsidization within

a BHC. For example, in its Bank Holding Company Supervision Manual, the Board of Governors of

the Federal Reserve System (2016) acknowledges that the failure of a nonbank subsidiary has finan-

cial ramifications for the BHC, and thus the subsidiary can use the BHC’s (2016, section 4030.0)

resources to provide support to that subsidiary: “... failure of a nonbank subsidiary may lead to a

lack of confidence in the affiliated bank’s ability to continue in business, which might precipitate

a run on the bank’s deposits... . Because the bank is usually the largest subsidiary, the holding

company may attempt to draw upon the resources of the bank to aid the nonbank subsidiary.”

Hence, investors could expect the BHC to provide support to its sponsored MMF when the

fund’s assets lose value, or the redemption activity is high. This expected support from a BHC

can be more credible, and therefore more valuable, than the expected support from an otherwise
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similar, non-BHC. The non-BHC sponsor lacks access to relatively cheap funds, thereby giving the

BHC sponsor “deeper pockets.” Pogach and Unal (2020) report that the credit spreads of new bond

issues at BHCs were on average 20 basis points (bps) lower than other financial firms for the period

from 1996 to 2002.

We test the implicit-guarantee hypothesis along four dimensions. In terms of pricing, BHC-

sponsored MMFs can charge their institutional investors more than the non-BHC-sponsored MMFs

to compensate for the implicit guarantee from their sponsors. We measure this value by examining

the fund-level expense ratios and the net yields on assets in two contrasting market conditions. One

is the high-risk 2008 Lehman crisis that exposed MMFs to heightened redemption risk and increased

the need for, and thus the value of, sponsor support. In this environment and to the extent that the

value of the implicit insurance extended by the BHC sponsors is more valuable than other sponsors’

support, we expect BHC-sponsored MMFs to charge higher fees after September 2008 to account

for the higher value of the implicit insurance they provide. The other environment we examine

is a 2016 regulatory change to the MMF industry that in practice, shifted risk away from MMFs

(and sponsors) to investors. In response to the 2008 crisis, the Securities and Exchange Commission

(SEC) put in place reforms to address the risk of investor runs on MMFs. One of the most important

changes for prime institutional money market funds (PI-MMFs) was the imposition of floating net

asset values (NAV) to reduce the risk of breaking the buck (NAV per share falling below $1). If

the difference in expense ratios between BHC-sponsored funds and non-BHC-sponsored funds were

driven by the differences in investor risk exposure, we would expect that the premium on expense

ratios charged by BHC-sponsored funds to disappear after these reforms.

The second dimension of our analysis focuses on the flow of funds into and out of MMFs.
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We examine the redemption behavior of investors in BHC-sponsored funds versus the non-BHC-

sponsored funds during the Lehman crisis. This analysis elucidates the investors’ perceptions

about the safety of the fund. They may have perceived that the BHC that sponsored the fund

was providing a valuable form of implicit insurance. If that is the case, we should observe that

notwithstanding the higher expense ratio and lower yields, BHC-sponsored MMFs do not necessarily

face more redemptions than non-BHC-sponsored MMFs after controlling for asset characteristics.

The third dimension of our analysis examines the actual support from the sponsors during the

Lehman crisis. Even though only the Reserve Primary Fund broke the buck during the Lehman

crisis, many other MMFs kept their NAVs at $1 with sponsor support. Brady et al. (2012) thor-

oughly analyze the instances of sponsor support during the crisis. We use this data set and in-

vestigate whether the BHC sponsors are more likely to support MMFs during the Lehman crisis

and that whether the expense ratios are sensitive to the likelihood of support. We predict that

BHC-sponsored MMFs are more likely to receive support from their sponsors.

Finally, we examine the sensitivity of the expense ratios to the financial strength of the sponsor.

For the sponsor to extend a credible guarantee to a fund, it should itself have a sound financial

standing. During the Lehman crisis, many BHCs themselves were experiencing liquidity issues,

suffering declines in asset values, and even facing default. Therefore, to the extent that the implicit-

guarantee hypothesis was valid, MMF investors should perceive sponsorship by financially strong

BHCs to be more valuable. We therefore predict that the PI-MMFs that are sponsored by more

liquid and lower default-risk BHCs charge higher expense ratios.

In our analysis, we primarily focus on PI-MMFs for two reasons. First, PI-MMFs are more

vulnerable to industrywide runs (Schmidt et al., 2016). Second, they are an important part of the
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shadow banking system and have a significant effect on the systemic risk of the aggregate financial

system, as seen during the 2008 MMF Crisis. The size of BHC-sponsored PI-MMFs grew from a

negligible percentage of the industry in 1986 to about 50%, $227 billion, of total assets of the MMF

industry by the turn of the century. These funds grew to $612 billion and as much as 52% of all

institutional MMF assets by the end of 2007. Hence, sponsorship of PI-MMFs created an enormous

implicit liability for BHCs.

Our empirical results support the predictions. We use a difference-in-differences analysis and

show that BHC-sponsored PI-MMFs earned 6.77 bps fewer gross returns but charged 6.55 bps higher

expense ratios compared to non-BHC-sponsored PI-MMFs during the period from September 2008

to March 2009 (post-Lehman crisis) relative to the period from March to August 2008 (pre-Lehman

crisis). Given that the average expense ratio of non-BHC-sponsored PI-MMFs during the post-crisis

period was 36 bps, the 6.55-bps difference is economically significant. Furthermore, it is within 0.1

bps of the average premiums on deposit insurance that the Federal Deposit Insurance Corporation

(FDIC) charged in 2008. Because of reduced gross yields and increased expense ratios during the

same post-crisis period, investors’ net yield was 13 bps, or 8.5%, lower at BHC-sponsored PI-MMFs.

These results contrast with a placebo test of alternative funds: government institutional funds

and prime retail funds. The identical institutions that sponsor PI-MMFs typically sponsor those

funds. To the extent that the clientele is different for BHC-sponsored funds versus non-BHC-

sponsored funds, these clientele differences would carry over to other fund types under the same

sponsor. However, the most conspicuous difference between government institutional funds and PI-

MMFs is the risk of their underlying assets. While PI-MMF assets are exposed to risky assets, such

as asset-backed commercial paper (ABCP), government institutional funds have assets mostly free
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of default risk. In terms of prime retail funds, despite that these funds had similar risky assets as PI-

MMFs, investors were less risk sensitive and did not exhibit run behavior during the Lehman crisis

(Schmidt et al., 2016). Therefore, we predict that a sponsor’s implicit guarantee would be relatively

less valuable to investors in these funds and thus expense ratios would not significantly differ

between BHC- and non-BHC-sponsored funds. We examine difference-in-differences in expense

ratios between BHC-sponsored and non-BHC-sponsored funds and between the pre-Lehman and the

post-Lehman periods. Consistent with our expectations, in contrast to PI-MMFs, the falsification

tests find no relation between BHC sponsorship and expense ratios.

To assess the flow effect, we use a difference-in-differences to contrast the flows between pre- and

post-Lehman crisis periods and for BHC- and non-BHC-sponsored funds. Our findings show that

there was no material difference between the changes in redemptions for these two fund groups. In

other words, no material withdrawal occurred at BHC-sponsored PI-MMFs despite the lower yields

of these funds. This finding is in sharp contrast to the literature that analyzes the flow-performance

relation during relatively calm periods. Kacperczyk and Schnabl (2013) and Chernenko and Sun-

deram (2014) show that institutional investors are very sensitive to yield differences and that they

move large sums of funds to gain additional returns of as little as 10 bps. In addition, Christoffersen

(2001) and Christoffersen and Musto (2002) provide evidence of a strong performance-flow relation,

such that higher-yielding funds attract more inflows. Given the findings of this literature, the mere

fact that investors at BHC-sponsored funds did not redeem their funds despite a 13-bps lower net

return supports the argument that they see BHC sponsorships to be valuable.

The results of our analysis of sponsor support during the financial crisis show that BHC sponsors

with more ABCP exposure are indeed more likely to provide direct support to their affiliated PI-
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MMFs. ABCP is the class of assets that suffered the most as a result of the failure of Lehman’s

commercial paper. Those funds that had high holdings of ABCP experienced the greatest decline

in asset values and therefore needed sponsor support. The results support this prediction. In

addition, we find a higher probability of getting support is associated with higher charged expense

ratios by BHC-sponsored PI-MMFs. We interpret these results as evidence that investors in PI-

MMFs behave as if they find the BHC’s implicit guarantee credible and treat their funds as being

safer, and are therefore less likely to redeem.

Our final analysis pertains to the variations in default risk within BHC sponsors. We use a

BHC’s level of liquidity, equity, and uninsured deposits (all as a percentage of the BHC’s assets)

as proxies for the BHC’s default risk. Higher liquidity and equity levels are signals of financial

strength. We use the uninsured deposits ratio as a signal of the confidence of depositors that can

mimic the institutional investors at MMFs. The higher levels of uninsured deposits can be construed

as showing lower expectations of default risk for the BHC. Our results support these conjectures.

We find that PI-MMFs sponsored by BHCs with higher liquidity and uninsured deposits tend to

charge a higher expense ratio in light of the more credible guarantee from their sponsors.

In sum, our findings show that BHC-sponsored PI-MMFs operated as if they were under a

government safety net during the sample period. They were not “shadow banks” in the sense that

they lacked access to the government safety net. Instead, BHCs were operating in the shadows and

extending shadow insurance to institutional investors through their affiliated MMFs. In return,

the affiliated MMFs charged higher expense ratios. However, the BHCs had no reserve or capital

requirements and paid no fees to the federal insurer against the risks they assumed because of their

sponsorship of the fund. Thus, the BHC sponsors benefited from potential government support
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without bearing any additional costs that led to regulatory arbitrage.

These results add to the findings of Acharya et al. (2013). They provide evidence of regulatory

arbitrage in which BHCs create SPV conduits and securitize loans. However, BHCs keep their

sponsorship (guarantee) behind these securitized loans while getting relief from capital require-

ments. This sponsorship of SPVs and securitized loans is similar in spirit to the implicit guarantee

extended by the BHC-sponsors of PI-MMFs that contributed to the growth of PI-MMFs. Hence,

our findings nicely complement those in Acharya et al. (2013). We also add to the findings in

Kacperczyk and Schnabl (2013). They show that participation in MMFs places important financial

obligations on the sponsoring firms. Our results support their insight and show that BHCs face

increased exposure to liquidity risk because of their affiliation with MMFs.

2.2 Institutional Background

MMFs, which were introduced in 1971, are structured as registered investment companies under

the Investment Company Act of 1940. A management company (fund sponsor) can establish a

new MMF as a separate legal entity. The management company can simultaneously operate many

individual funds, and it can advertise them under a single brand name, such as BlackRock or

Fidelity. The group of funds under a brand name are called a fund complex. A fund can issue

share classes that can have different expense ratios or minimum investment requirements. They

also often categorize share classes by investor type: institutional or retail. Institutional shares

are for investors, such as corporate treasuries, bank trust departments, corporations, and pension

funds. These shares have higher minimum investment requirements and are associated with larger

accounts. Retail shares are open to all investors, including organizations and individuals (Morley,

2014; Baklanova and Tanega, 2014).
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Each institutional or retail MMF can have categories, such as prime, government, and tax-free.

Prime funds invest in short-term private debt instruments, such as commercial paper, certificates of

deposit, other bank obligations, repurchase agreements (repos), and corporate floating-rate notes.

Government funds invest in U.S. Treasury securities and in U.S. government agency obligations,

such as government-funded enterprises. Tax-free funds invest in municipal securities.

Rule 2a-7 of the Investment Company Act of 1940 places restrictions on the liquidity, maturity,

and credit risk of the assets held by an MMF, such that the fund assets have a relatively low risk

exposure. Specifically, each asset held by an MMF must have a maximum maturity of one year,

and the weighted average maturity of all assets held must be no longer than 60 days. A rating

agency must rate 97% of all securities held by an MMF as being in their top two categories. Funds

cannot invest more than 5% of their assets in the securities of one issuer. Ten percent of portfolio

assets must be in liquid instruments with daily availability, and 30% of portfolio assets must be in

instruments having weekly availability. Also, MMFs cannot invest more than 5% of their assets in

illiquid securities. Lastly, all MMF holdings must be denominated in U.S. dollars.

Up until 2014, each share had a fixed price of $1 that was pegged to a fixed portfolio net asset

value (NAV) of $1 per share. This fixed pricing was a pivotal fixture of the MMF industry from

its start in 1971 through the crisis of 2008. Responding to the crisis of 2008, in 2014 the SEC

abolished the stable per-share NAV for the share prices of prime institutional funds and required

floating share pricing to start in October 2016 (See Securities and Exchange Commission, 2014a,b).

Under the fixed-share-price regime, healthy MMFs that met the requirements of Rule 2a-7

calculated the value of their assets by using the amortized cost accounting method. This method

values each asset at its historical cost. The rule justifies the use of this method because it requires
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that MMF portfolio assets must be of high credit quality, high liquidity, and of short maturity. If

an MMF’s assets lose value so that the per-share market value (its shadow price) drops below its

historical per-share cost of $1 (below $0.995), the fund “breaks the buck”; that is, it has become

distressed. When a fund breaks the buck, its board of directors can suspend redemptions to allow

for an orderly liquidation.

The primary reasons for the deterioration of an MMF’s assets include asset devaluation, asset

default, an interest rate spike, or a liquidity event. Breaking the buck is a rare event. In the decades-

long history of MMFs, only two have broken the buck: the Community Bankers U.S. Government

Fund in 1994 and the Reserve Primary Fund in 2008.

2.3 The Expense Ratio as a Fee for Implicit Insurance

The central argument of our paper is that institutional investors may price the value of a MMF

sponsorship. We hypothesize that BHC sponsorships can be more valuable because of their “deep-

pockets” relative to non-BHC sponsors (including other financial firms, such as insurance companies

and investment banks). This funding advantage provides a form of liquidity insurance for investors.

Consequently, we argue that investors will accept higher expense ratios (and lower net yields) from

BHC-sponsored MMFs when the environment becomes riskier.

To investigate this hypothesis, we use the difference in expense ratios between BHC- and non-

BHC-sponsored MMFs as a proxy for the value of this guarantee, while acknowledging and control-

ling for many other factors that can affect the expense ratio. This is a novel interpretation of the

expense ratio. Expense ratios are fees that investors pay to the fund company to manage the fund,

and the fund expresses them as a percentage of its total assets. Fees for management and adminis-
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trative services constitute the largest expense of funds followed by marketing and distribution. In

addition, funds can charge investors for custodian and auditing fees, as well as trustees’ fees and

expenses. If a BHC-sponsored MMF can provide a more credible liquidity backstop, then it could

charge more for any of these components relative to a non-BHC-sponsored MMF to account for

the implicit guarantee that it extends. Since from an investors’ perspective, fees are fungible, for

example, a custodial fee and an equal administrative fee are ultimately reflected identically in the

investors’ realized returns; we focus on the sum of these fees.

Higher expense ratios can generate more profits for the MMF and its BHC sponsor. However,

an implicit guarantee transfers risk from the MMF to the BHC. Hence, understanding the risks

posed by the BHC-sponsored MMFs can help identify the channels through which these so-called

“shadow banks” can extend shadow insurance and thereby extract subsidies from the safety net

and potentially weaken financial stability.

However, other factors can influence the expense ratios. Of foremost importance is their use

in determining the net yield to MMF investors. Because market conditions and portfolio holdings

determine gross yield, fund managers can increase, lower, or waive expense ratios to give the

investors acceptable yields. When interest rates are high, fund gross returns are high; MMFs can

charge a higher expense ratio. In contrast, when interest rates are low, to compensate investors

with reasonable net yields, MMFs can waive expense ratios. For example, some MMFs waived

expense ratios during the 2009–2015 period, when interest rates were at their record low levels.

Conversely, waivers were at their lowest level during the period from 2006 to 2008 when rates were

still relatively high (Investment Company Institute, 2018). However, Christoffersen (2001) provides

evidence of a relatively flat relation between MMF performance and waivers. In our empirical tests,
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we use expense ratios net of waivers and reductions.

Expense ratios also depend on the minimum size of investment. Increasing the minimum size is

associated with lower expense ratios. Schmidt et al. (2016) argue that a fund with higher minimum

size is a proxy for investor sophistication. Because a larger investment means more “skin in the

game,” Schmidt et al. (2016) claim that these investors will analyze the health of the fund more

carefully than others will and hence could be considered sophisticated. They provide evidence of a

strong relation between expense ratios and minimum investments for prime share classes.

To minimize the confounding effects of differences in minimum sizes on expenses, we compare the

expense ratios of BHC- and non-BHC-sponsored funds at different minimum balance requirements.

We control for the effects of market interest rates and investor sophistication when we compare

the expense ratios of different sponsors. Our premise is that a fund that implicitly provides a

higher guarantee because of its BHC affiliation will charge a higher expense ratio, regardless of the

minimum investment size.

2.4 Data

2.4.1 Data source

We use data from the iMoneyNet data sets that contain detailed historical information on individual

U.S. MMFs. Schmidt et al. (2016) compare iMoneyNet data to statistics from the Investment

Company Institute and find that iMoneyNet data cover about 93.5% of the total dollar value of

U.S. PI-MMFs.

The iMoneyNet data set is structured such that group of funds are collected under a brand

name, called the fund complex, for example, “Blackrock.” The iMoneyNet calls each fund that
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belongs to a fund complex as the master class fund and identifies it with an indicator. All share

classes under the same master class fund name have identical portfolios and are managed by the

same fund manager. Each share class has an associated master class fund name and a fund code. In

the remainder of the paper, we will use the terms “fund” and “master class fund” interchangeably.

We use three panel data sets: monthly, weekly, and daily observations. All three data sets

record the total amount in each share class (share class assets). In addition, the data sets contain

the expense ratio, gross yield, and net yield for each share class. The weekly data set has the asset

composition of the funds’ portfolios that comprises the weighted average maturity and the fraction

of a fund’s portfolio that is held in commercial paper, floating-rate notes, repos, bank deposits,

nondeposit bank obligations, and U.S. government securities.

To complement our study, we also obtain the relevant BHC’s financial data from the Federal

Reserve’s Y9-C report and its sponsoring between 2007 and 2011 from Brady et al. (2012).

2.4.2 BHC sponsorship identification

The critical aspect of our analysis is the identification of the fund sponsors in terms of BHC or

non-BHC affiliation. The iMoneyNet data sets contain a binary bank identifier. However, this

variable does not vary over time and is fixed at a value that corresponds to the last date in each

iMoneyNet data set.

To identify the sponsorship status of each fund complex, we manually match the name of each

fund complex in our data to a BHC or non-BHC sponsor.13 Then, we search the SEC filings and

the business press to identify all ownership and sponsorship relations between the MMF and other
13Philip Ostromogolsky contributed significantly to the matching work that spans the period of 1986-2016.

66



financial institutions over our sample period. We define a fund complex as being BHC-sponsored if

it is affiliated with a BHC that is a financial holding company (FHC) with a subsidiary commercial

bank, or a commercial bank that is not a member of the BHC.14 Thus, we correct the original

identifier BHC sponsorship from iMoneyNet by adjusting it to be historically accurate.

Table A1 in the appendix shows the fund complexes and the number of funds and share classes

that are in our sample as of September 2008. The last two columns show that the iMoneyNet

identifier and the corrected identifier, respectively. As the appendix shows, in the case of 18

complexes, the iMoneyNet identifier requires modification. These changes fall into three categories.

The first pertains to instances where the sponsoring firms changed their filing status to a BHC over

the sample period. This change accounts for differences in two fund complexes and the eight funds

within those complexes. The two fund complexes are Goldman Sachs and Morgan Stanley, which

were investment banks before the crisis and became BHCs shortly after the Lehman collapse. The

iMoneyNet files carry these two sponsors only as BHCs, whereas they should be non-BHCs up until

their switch.15 The second type is not an error, but a difference in usage. We consider a sponsor

to have access to the domestic safety net if it has a domestic regulatory holder. For six complexes

and nine funds, sponsors were recorded correctly as “BHCs” by iMoneyNet, but those BHCs lacked

a domestic regulatory holder. We treat a fund complex of a foreign bank as a non-BHC fund

because the foreign banks do not have the same safety net advantages as U.S. banks. In one case,

we correctly identified a parent to be a domestic institution and changed its identification from a

non-BHC to a BHC. The third and final types of difference are due to other data discrepancies.
14The definition of commercial bank excludes the following types of institution: industrial loan company, federal

savings bank, savings and loan institution, savings and loan holding company, and credit union.
15In the case of Goldman Sachs, iMoneyNet shows some funds to be BHC-sponsored and some to be non-BHC-

sponsored within the same complex. We consider all funds under Goldman Sachs to be non-BHC-sponsored, while
Goldman Sachs was not officially a BHC.

67



These apply to 9 fund complexes and 21 funds within these complexes. In some cases, iMoneyNet

codes private uninsured banks as a BHC, which does not match our usage.

2.5 Do Institutional Investors Value BHC Sponsorship of MMFs?

2.5.1 The Lehman crisis and expense ratios

The $350 billion contraction in the ABCP market in late 2007 casts doubt on the credit quality

of many such short-term, AAA-rated asset categories (Covitz et al., 2013). PI-MMFs, which held

such assets, experienced a significant credit event that reduced the value of their assets and brought

them perilously close to breaking the buck. One of those funds, the Reserve Primary Money Market

Fund, was not able to weather the storm because of its exposure to Lehman’s commercial paper. On

September 15, 2008, Lehman declared bankruptcy that inflicted a severe credit event on the Reserve

Fund’s assets. A day after Lehman’s crisis, the Reserve Fund broke the buck on September 16,

2008, that then triggered the largest crisis in the history of the U.S. MMF industry.16 The collapse

of the Reserve Fund sparked unprecedented mass withdrawals from PI-MMFs. From September 12

to October 1, 2008, PI-MMFs lost a total of $460 billion, which was 29% of industry assets.17

The main hypothesis of this paper is that because BHC-sponsored funds provide a more credible

guarantee, institutional investors are willing to accept lower net yields from their PI-MMFs. To

test this hypothesis, we compare the gross yields, expense ratios, and net yields of funds with BHC

and non-BHC sponsors of the PI-MMFs before and after this shock to the industry. Ultimately,

net yield—the return after accounting for expenses, is what matters to investors. For instance,
16See Strahan and Tanyeri (2015), McCabe (2010), Investment Company Institute (2009) and Securities and Ex-

change Commission (2009).
17We calculate this percentage from the data provided by iMoneyNet. See Strahan and Tanyeri (2015) and McCabe

(2010).
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whether they realize less net yield caused by higher expense ratios or lower gross yields will not

affect investor decision making. Empirically, we find that gross yields are not statistically different

across sponsors. Therefore, definitionally and empirically, an increase (decrease) in the expense

ratio of one basis point is equivalent to a decrease (increase) in the net yield received by investors

of one basis point. Thus, comparing differences in net yields is identical to comparing the negative

differences in expense ratios.

Figure 2.1 displays the average gross yields for both types of funds from 2006 through 2009.

The vertical lines represent August 2007 and September 2008, respectively. August 2007 is when

the French bank BNP Paribas announced that they were freezing $2.2 billion of subprime funds and

were barring investors from redeeming cash from the funds. As we indicated earlier, Kacperczyk

and Schnabl (2013) argue that August 2007 marks the time when the underlying asset risk of the

MMF industry fundamentally changed.

We observe that the average gross yields for BHC-sponsored and non-BHC-sponsored funds

experienced a slight uptick immediately after August 2007, but the increase was not significant and

there was no statistical difference between their average yields. Figure 2.1 also shows that shortly

after August 2007, the gross yield offered by both types of funds declined dramatically until August

2008. This result is a direct consequence of the decline in short-term rates. The 3-month yield on

Treasury bills was 4.55% on September 4, 2007, and declined to 1.72% on September 2, 2008. How-

ever, shortly after September 2008, non-BHC-sponsored funds on average had gross yields slightly

higher than the average gross yield offered by BHC-sponsored funds. This observation means that

the non-BHC-sponsored funds further increased the asset risk and thus the corresponding gross

yield, possibly to prevent redemptions. The difference disappeared in 2009 and thereafter. This
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convergence can be explained by the rapid decline in the interest rates of the economy.

Figure 2.2 displays the average expense ratios during the same period. We should note that the

expense ratios for the 2006–2008 period are not particularly confounded with fee waivers because, as

indicated above, fee waivers were at their lowest level during this period. We observe an interesting

pattern in Figure 2.2. The BHC-sponsored PI-MMFs increased their expense ratios relative to non-

BHC-sponsored PI-MMFs right around August 2007. However, the difference is not statistically

significant. As September 2008 approached, we observe that BHC-sponsored funds further increased

their expense ratios while non-BHC-sponsored PI-MMFs slightly decreased their expense ratios.

Following September 2008, the expense ratios diverged sharply; the difference between the two

types of funds reached its maximum as the BHC-sponsored funds charged higher rates on average

by roughly 8 bps by January 2009.

Next, we examine the variation in expense ratios across different minimum required investments.

We segregate funds into three buckets: “small” for funds with minimum balances of less than

$25,000; “medium” for funds with between $25,000 and $1,000,000; and “large” for funds with

minimum balances of more than $1,000,000. Figure 2.3 displays the average expense ratios for each

of these three buckets of minimum balances. Expense ratios are inversely related to the size of the

minimum investment requirement for both types of funds. This observation is consistent with that of

Schmidt et al. (2016), who argue that minimum investments capture investor sophistication. Funds

with higher minimum investments attract more sophisticated investors who pay lower expense

ratios. However, we observe that on average, BHC-sponsored PI-MMFs increased the expense

ratios at every minimum size bucket in the post-Lehman period. These observations cannot be

consistent with investors becoming less sophisticated (justifying charging a higher expense ratio)

70



in a falling interest rate environment. In contrast, the results give support to the argument that

expense ratios reflect risk, at least to some extent. We argue that BHC-sponsored funds charge

higher expense ratios in an environment where the implicit insurance the sponsoring BHC provides

becomes more valuable.

2.5.2 Portfolio characteristics of PI-MMFs in 2008

In Table 2.1, we provide the average portfolio makeup of PI-MMFs overall and by sponsor type

(BHC or non-BHC) for the months of June 2008 and December 2008. We take June and December

as representative months for the pre- and post-crisis periods. There are 345 (317) distinct prime

institutional share classes with 230 (167) non-BHC-sponsored share classes and 115 (150) BHC-

sponsored share classes as of June 2008 (December 2008).

The first three columns of Table 2.1 pertain to June 2008. In terms of our focal variables, gross

yield, expense ratio, and net yield, there is no difference on average between the BHC-sponsored and

non-BHCs-ponsored MMFs. In terms of measures of asset risk, including weighted asset maturity

(WAM), age, complex size, government debt (US Treasury and agency debt), repos, and bank

obligations, non-BHC- and BHC-sponsored funds are statistically indistinguishable. However, the

compositions do vary in a few categories. First, BHC-sponsored funds hold significantly more time

deposits, which stands to reason, although these holdings represent a relatively small component

of total assets. The BHC-sponsored funds also hold less in floating rate notes (FRNs) than non-

BHC-sponsored funds, although this difference is only marginally significant. The last difference is

in the composition of their commercial paper holdings and ABCP. iMoneyNet reports first-tier and

second-tier commercial paper categories, which include ABCP.18 However, it reports the ABCP
18“First-tier” securities, as defined by Rule 2a-7 of the Investment Company Act of 1940, are securities rated in the
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amount separately. Hence, we create a commercial paper variable that is the sum of the first-

tier and the second-tier net of ABCP and enter the ABCP as a separate variable in our analysis.

We observe in Table 2.1 that non-BHC-sponsored funds hold significantly more ABCP than BHC-

sponsored funds, 20% to 10%, while BHC-sponsored funds hold more non-ABCP commercial paper

than non-BHC-sponsored funds, 29% to 22%. However, in aggregate, risky asset holdings do not

statistically differ between BHC- and non-BHC-sponsored MMFs.

The last three columns of Table 2.1 provide the same information about portfolio composition

for December 2008. The picture changed substantially after the fall of Lehman and the ensuing

run on PI-MMFs. Markedly, funds sponsored by BHCs charged a significantly higher expense ratio

of 44 bps versus the 36 bps charged by funds with non-BHC-sponsors as of December 2008. This

change is reflected in the significant difference in the net yield as well. Investors in BHC-sponsored

funds received 136 bps on average, while investors in funds that were not sponsored by BHCs

received 153 bps on average. In other words, while non-BHC sponsors kept their expense ratios

unchanged relative to the pre-crisis level, BHC sponsors showed a significant departure from the

industry average and charged higher expense ratios and paid lower net yields to their institutional

customers after the Lehman crisis. This observation provides the initial support for our hypothesis

that these investors were willing to pay for BHC sponsorship when it was needed most immediately

following the crisis. In terms of asset composition, both types of MMFs have similar portfolios, and

there is no statistical difference in the holdings of risky assets in aggregate.

highest short-term rating category by two or more rating agencies. “Second tier” indicates that the securities have
received the highest rating from one rating agency and the second-highest rating from another or has received the
second-highest rating from two rating agencies.
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2.5.3 Difference-in-differences analysis of BHC- and non-BHC-sponsored MMFs

To provide further support for these observations, we estimate a difference-in-differences between

BHC- and non-BHC-sponsored funds before and after the Lehman crisis for gross yield, expense

ratio, and net yields, while controlling for other fund characteristics. The specification is as follows:

FocalV ariablej,t = γ0+γ1BHCj+γ2AfterLehmant+γ3AfterLehmant∗BHCj+ωControlsjt+ϵjt

(4)

where j and t denote the share class and the month, respectively. The focal variables are 30-day

gross and net compound yields, the expense ratio, and the outflow that are all calculated as the

percentage changes in total net assets. The variable BHC equals one for the BHC-sponsored funds

and zero otherwise. AfterLehman is equal to one for September 2008–February 2009 and zero for

February–August 2008. The difference-in-differences estimator, γ3, is the coefficient for the product

of the BHC and AfterLehman variables. This is the main coefficient of interest and measures the

difference between the BHC-sponsored fund’s response and that of the non-BHC-sponsored fund

to the Lehman collapse.

The vector of controls contains other variables that are potentially correlated with the focal

variables. One important control is the riskiness of the asset holdings. For this, we use two measures.

The first is the WAM, since assets with shorter maturities are easier to liquidate (McCabe, 2010).

The second is the fund’s investment holdings that the investor perceives to have a lower liquidation

value. Kacperczyk and Schnabl (2013) argue that investors perceive bank obligations, FRNs, and

commercial paper to have lower liquidation values. They classify U.S. Treasury securities, repos, and

BHC-time deposits as assets with high liquidation values. We also follow Kacperczyk and Schnabl
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(2013) and create a risky holdings variable as another proxy for portfolio riskiness. Further, we

use the log of minimum investment as a proxy for investor sophistication (Schmidt et al., 2016).

Additional variables control for the Treasury yield and the size of the fund complex. We should

note that complex size and fund size are correlated. For our BHC-sponsored sample, the correlation

between complex and fund sizes is 51% with significance at the 1% level.

In addition to our lead specification in Equation 4, we also include a robust difference-in-

differences specification, following Bertrand et al. (2004), who propose collapsing the pre- and

post-time series as a way to overcome the problem of serial correlation in difference-in-differences

that produces consistent standard errors. Unless otherwise stated, we estimate the specifications

at the share-class level and cluster all standard errors at the fund-sponsor level. We cluster at

this level because we expect that the error term across share classes under the same sponsor to

be correlated. Clustering at the sponsor level accounts for the arbitrary correlation within fund

complexes.

We report the results in Table 2.2. Column 1 shows that BHC-sponsored funds earned lower

gross yields, though not statistically significant, relative to non-BHC-sponsored funds post-Lehman.

However, the difference in yields is salient when we examine the net yields; as shown in column

2, investors in BHC-sponsored PI-MMFs received a net yield that was 13 bps lower than that

of investors in non-BHC-sponsored funds after the Lehman failure. Given that the non-BHC-

sponsored PI-MMFs’ average net yield was 153 bps in December 2008, the 13-bps difference means

that investors accepted an 8.5% lower net yield from BHC-sponsored PI-MMFs relative to non-BHC-

sponsored funds. The major factor underlying this result was the higher expense ratios charged

by the BHC-sponsored funds. Column 3 shows that the expense ratios are 6.55 bps higher for
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BHC-sponsored PI-MMFs, or approximately 18% higher than the expense ratios that non-BHC-

sponsored funds charged post-Lehman.

The control variables have the expected signs. The gross and net yields have positive correlations

with Treasury yields. However, funds charge more on average when Treasury yields are low. This

seemingly counter-intuitive result is plausible given that the BHC-sponsored funds charged higher

expense ratios in the declining interest rate environment. We also observe that funds with riskier

holdings realized higher gross yields and, consequently, net yields. The riskiness of a fund’s holdings,

measured by WAM, also affects the expense ratio, but none of the portfolio components, such as

time deposits, bank obligations, FRNs, commercial paper, and ABCP, is an important predictor of

the expense ratio. Finally, the results show that higher minimum investment, a proxy for investor

sophistication, is associated with higher net yields and a lower expense ratio. We also use risky

holdings as a percentage of total assets as an alternative measure of the risk of portfolio holdings.

We find that our result does not change when we control for the aggregate risky holdings instead

of separate portfolio holdings, and a higher risky-holding percentage generates higher yields.

To further demonstrate the robustness of our findings, we report in columns 4–6 of Table 2.2 the

results from a robust difference-in-differences specification, which was proposed by Bertrand et al.

(2004). Similar to the results in columns 1–3, columns 4–6 show that investors in BHC-sponsored

PI-MMFs received around 13-bps lower net yields, while being charged 5-bps higher expense ratios

than the investors in non-BHC-sponsored PI-MMFs. iMoneyNet reports the simple and compound

investor returns over multiple time intervals. In a robustness check, we use alternative measures of

investor returns including the 30-day net simple yield, the 7-day net compound yield, the 1-month

net simple return19, and the 1-month net simple yield. We observe that in all cases, regardless of
19We use iMoneyNet’s definitions that calculate the “yield” by using the dividend factor and the “return” by using
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the specific yield measure, the net return on investment is 11 to 17 bps lower for the MMFs that

were sponsored by BHCs after the collapse of Lehman.

In Table 2.2, we show that the expense ratios at BHC-sponsored funds were 6.55 bps higher than

the expense ratios at non-BHC-sponsored funds (4.97 bps with robust estimates). Our argument is

that this finding reflects a form of insurance against losses on funds placed by the sponsoring BHCs

in their sponsored MMFs. While the BHC sponsor’s guarantee is implicit, there are analogous

guarantees that are easily observed and that provide protection to investors against loss. The

protection itself, however, is derived from the same ultimate source: the federal government. This

relation can provide an idea of the economic magnitude of the observed difference in charged expense

ratios and therefore a reasonable benchmark.

In the United States, funds placed directly in a bank, for instance in a money market deposit

account, are explicitly insured by the FDIC (under the applicable statutory conditions). In 2008,

matching the bulk of our sample period, the FDIC guaranteed an average of $4.6 trillion in insured

deposits. That same year, it collected $3 billion in insurance assessments (i.e., insurance premiums)

that equals 6.52 bps of insurance premium per insured dollar. Our point estimate of 6.55 bps (or

4.97 with robust estimates) for a qualitatively similar “insurance” guarantee aligns remarkably well

with this point of reference.

2.5.4 Difference-in-differences analysis of government and retail MMFs

Thus far, we have shown a significant difference in the response to the Lehman failure of PI-MMFs

that are sponsored by BHCs and those that are not. However, there conceivably are other, non-

risk-based explanations for this observation. For instance, potentially, there could be a clientele

the dividend factor plus capital gains and losses.
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difference between BHC- and non-BHC-sponsored PI-MMFs. Perhaps investors in BHC-sponsored

PI-MMFs are less financially sophisticated, and therefore more willing to accept a larger expense

ratio and lower net yields. Along the same lines, differences in expense ratios might have nothing to

do with the underlying risk but instead with the unobserved differences between BHC- versus non-

BHC-sponsored PI-MMFs. Alternatively, perhaps because of the structure of the tests or because

of coincidental events surrounding the Lehman failure, the tests can be biased in favor of finding a

result. If unobserved characteristics of sponsors or of their clientele are driving our main results, we

can predict that those same results will carry over to other funds sponsored by the same BHCs and

non-BHCs that serve the same respective clientele. If the differences in expense ratios are unrelated

to risk, then the expense ratios should change across all funds they manage.

To mitigate these concerns, we construct two “placebo” tests. First, we examine the Government

Institutional MMFs (GI-MMFs) that were also exposed to the Lehman failure, but were less affected

by the changes in risk because the asset holdings of these funds were much more restricted than

PI-MMFs and predominantly contained bonds of government and government-sponsored entities.

In addition, we explore the family of Prime Retail MMFs (PR-MMFs), where a BHC sponsor’s

guarantee may be less attractive to their relatively less risk sensitive target clientele. Schmidt

et al. (2016) argue that retail depositors are relatively unsophisticated and had a much more muted

response to the crisis. If our tests are biased toward finding a result, we are more likely to see a

significant change in expense ratios in government and prime-retail funds, as well as the changes

we have already observed in PI-MMFs.

To facilitate these falsification tests, we apply the identical analysis as in columns 4–6 of Table

2.2 to the GI-MMFs and PR-MMFs; Table 2.3 shows the results. We observe that contrary to

77



the results for PI-MMFs, we find no significant difference in the charged expense ratios between

GI-MMFs sponsored by BHCs and those that are not. In addition, the BHC-sponsored PR-MMFs

have lower yields than non-BHC-sponsored PR-MMFs, but the BHC-sponsored PR-MMFs do not

charge a higher expense ratio. The fact that we do not see any significance adds confidence to the

interpretation that the observed significant differences in the charged expense ratios of PI-MMFs

are associated with BHC sponsor’s implicit guarantee against increased risk.

2.5.5 Difference-in-differences analysis of redemptions

Next, we analyze the changes in the redemption decisions of investors during the post-Lehman pe-

riod. If BHC-sponsored funds charge significantly higher expense ratios and if BHC and non-BHC

sponsors provide equal guarantees, then we should see these return-seeking, prime institutional

investors move their funds away from the relatively expensive BHC-sponsored funds toward the

relatively inexpensive non-BHC-sponsored funds. This behavior would be consistent with the pre-

dictions of Christoffersen (2001), Christoffersen and Musto (2002), Kacperczyk and Schnabl (2013),

and Chernenko and Sunderam (2014).

To assess the difference in redemptions between BHC-sponsored and non-BHC-sponsored funds

before and after the Lehman crisis, we use the data on monthly assets under management from

iMoneyNet and compute the 1-, 2-, and 3-month redemptions as percentages for every share class in

our sample. To mitigate the effect of outliers and extreme values, we winsorize the redemption data

at the 1st and 99th percentiles of their empirical distributions. Table 2.4 presents the estimation

results of Equation 4 and the robust difference-in-differences model proposed by Bertrand et al.

(2004). This analysis parallels that in Table 2.2, where the institutional investors earned less and

were charged more during the post-Lehman period at BHC-sponsored PI-MMFs. Table 2.4 shows
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that investors at BHC-sponsored funds behave differently than what would be predicted by the

research. After the Lehman collapse, even while the BHC-sponsored funds charged significantly

higher expense ratios and, therefore, paid significantly lower net yields, these funds faced no greater

associated net outflows of funds in the 1-, 2-, and 3-month horizons.

In all, the evidence of the flow analysis shows that institutional investors in BHC-sponsored

funds behave differently. Despite being charged higher expense ratios and earning lower net yields

than investors in non-BHC-sponsored funds, they do not respond by redeeming more that indicates

the BHC sponsorship provides a safety net for institutional investors that they are willing to pay

for.

2.6 Are BHC Sponsors More Likely to Provide Support?

MMF sponsors play a critical role in preventing a fund from breaking the buck. In times of distress,

these sponsors can and do provide liquidity support. Sponsors can purchase assets that have

declined in value at par so that the MMF can meet any mass redemption requests by its investors.

Other forms of sponsor support include capital contributions, capital support agreements, letters

of credit, and performance guarantees. This support is not merely theoretical. Moody’s (2010)

provides examples of major sponsorship interventions and demonstrates that sponsors extended

extensive instances of support in 1994 and 2008. Indeed, sponsor support played a pivotal role

during the crisis of September 2008. The SEC estimates that from August 2007 to December 2008

almost 20% of all PI-MMFs received sponsor support (Securities and Exchange Commission, 2009,

p. 20). Brady et al. (2012) also conservatively estimate that at least 21 prime MMFs that received

sponsors’ support would have broken the buck in absence of the support during the financial crisis.
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Our hypothesis is that BHC sponsorship matters for investors because the sponsoring BHC

has relatively quick and easy access to cheap and information-insensitive funding sources through

its insured subsidiaries, such as insured brokered deposits or the discount window. In addition,

regulations recognize the failure of a nonbank subsidiary, such as a sponsored MMF, can have

serious financial ramifications for the BHC, and thus the parent may use its resources to provide

support to that subsidiary. In this section, we examine whether BHCs provide support to their

sponsored MMFs when the fund’s assets lose value, or the redemption activity is high. Given that

non-BHC sponsors lack access to relatively cheap funds, thereby giving the BHC sponsor deeper

pockets, we predict the likelihood of BHC support will be high.

Brady et al. (2012) list instances of noncontractual support in the form of cash contributions or

purchases of distressed securities at above-market price provided to MMFs by their sponsors that

are based on a review of the annual SEC financial statement filings of public MMF with fiscal year-

end dates falling between 2007 and 2011. They identify the fund name and the corresponding SEC

Series ID of the fund that receives support from the sponsor. Each fund name is the master class

fund name in iMoneyNet. We designate our analysis period from the fiscal year ending February

2008 to January 2010 to capture support instances for a wider period around September 2008. We

search the Series ID in iMoneyNet and extract the master class funds that received the sponsors’

support.

To evaluate the likelihood of getting support, we collapse the time series in the sample and

conduct a cross-sectional analysis using a logit model at the master class fund-level. If a fund

receives support during the analysis period, we designate the variable Get Support as 1, otherwise

zero. To estimate the logit model, we keep only funds that experienced greater than 20% asset
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losses in at least one month during the analysis period. We apply this filtering criteria because we

want to restrict our sample to only those funds that needed their sponsor’s support at some point.

The run on MMFs was triggered by the announcement by the Reserve Primary Fund that it

had suffered significant losses to its holding of Lehman Brothers’ commercial paper and had broken

the buck. This announcement had profoundly deleterious effect on the perception of commercial

paper as a safe asset, despite its short maturity and high credit rating (Kacperczyk and Schnabl,

2010). Therefore, sponsor support because of redemptions would be more likely when the holding

of commercial paper is greater. To allow for this possibility, we create a variable BHC ∗ABCP and

test whether BHC-sponsored funds are more likely to receive a sponsor’s support if they have larger

holdings of ABCP. In addition, we use commercial paper (both including and excluding ABCP),

ABCP by itself, risky portfolio holdings, and maximum monthly loss as proxies for portfolio risk.

We define risky portfolio holdings as the sum of time deposits, bank obligations, floating rate notes,

commercial paper, and ABCP. We define the maximum monthly loss as the negative of the largest

monthly percentage change in net assets during the analysis period experienced by a fund. This

transformation makes the interpretation easier, such that a higher value implies higher loss.

We present the results in Table 2.5. We observe that the coefficient for BHC is positive but

insignificant when the specification does not allow for an interaction term with portfolio riskiness.

Only in column 2, when we use the interaction with commercial paper (excluding ABCP), is BHC

significant and positive, indicating that the likelihood of bank support is higher relative to nonbanks.

However, in this specification, commercial paper becomes insignificant. We observe that ABCP is

marginally significant and positive for the greater than 20% asset loss case. No other risk variable

is significant, with the one exception for of the case when where Maximum Monthly Asset loss
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is used as a risk proxy. In this case, the larger the maximum loss the more likely is the sponsor

support.

In unreported regressions, we analyzed the support instances reported in annual SEC filings

with fiscal year-end dates between February 2008 and February 2009. This narrower sample period

mirrors the ABCP crisis period documented in Acharya and Schnabl (2010). The major differ-

ence using this sample is that the interaction term BHC ∗ ABCP is highly significant, indicating

that support varies with the amount of ABCP in a fund. Additionally, while the commercial pa-

per definition excluding ABCP is insignificant, it becomes significant when the definition includes

commercial paper and ABCP.

In all, we can conclude that the likelihood of a bank sponsor’s support was higher, and further

that we have some evidence that ABCP was a driver of the likelihood of sponsor support.

We also cross-sectionally examine the relation between the charged expense ratio and the like-

lihood of sponsors’ support. A higher likelihood of sponsor support could sustain a higher expense

ratio. We obtain the estimated probability of getting support from the logit model described above

and present the results in Table 2.6. We observe that BHC-sponsored funds with a higher proba-

bility of receiving support charge a significantly higher expense ratio. On average, 0.1 rise in the

estimated probability of getting support is associated with 2.1 to 3.9 bps higher expense ratio in

the BHC-sponsored funds.

2.7 BHC’s Financial Strength and Expense Ratios

In this section, we allow for variations in the liquidity holdings, capitalization levels, and the default

risks of BHC sponsors. We can view these variations as proxies for the ability of the BHC to provide
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support and the strength of their guarantee. To the extent that BHC-sponsored MMFs enjoy an

implicit protection derived from their affiliation with their BHCs, MMFs sponsored by BHCs with

lower default risks and more liquidity can provide more valuable guarantees. Hence, the MMF can

charge higher expense ratios to exploit such an advantage.

We obtain BHC quarterly financial data from Y-9C reports and compute the liquidity holdings,

uninsured deposits, and equity ratios as a percentage of BHC total assets. As a measure of equity,

we use the ratio of the total equity capital, as reported on Schedule HC of the Y-9C forms, to

the bank’s reported total assets. This measure includes, perpetual preferred stock, common stock,

nonpreferred stock surplus, retained earnings, other accumulated income, noncontrolling interests

in consolidated subsidiaries, and other equity capital components. We count federal funds sold,

federal funds for resale, non-interest-bearing balances (currency), and interest-bearing balances

(domestic and foreign) as liquid assets.

To ensure that the BHCs’ financial data are known before the expense ratio is determined, we

link the expense ratio and other PI-MMF data to the lagged BHCs’ financial data. For example,

we match BHCs’ financial data in the first quarter of 2008 to PI-MMF data in the second quarter

of 2008. We use three specifications to test our hypothesis. First, we use the lagged BHCs’ financial

data as explanatory variables and test whether the sponsors with lower default risk charge higher

expense ratios. The second specification sorts the lagged BHCs’ financial data into four quartile

groups and tests whether sponsors in lower risk groups charge higher expense ratios. Finally, we

collapse the monthly PI-MMFs data into quarterly data and use lagged BHC financial data as

regressors to show robustness.

We present the results in Table 2.7. We observe a significantly positive relation between BHCs’
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liquid assets ratio and PI-MMFs’ charged expense ratio in columns 1 and 3 that is consistent with

our hypothesis that BHC sponsors with lower default risks can offer stronger guarantees and thus

the funds sponsored by these BHCs can charge a higher expense ratio. Given that the sample

standard deviation in the liquid assets ratio is 16%, a one-standard-deviation increase in the liquid

assets ratio is associated with a 5.8- to 6.9-bps higher expense ratio. The positive relation between

the liquid assets ratio and the charged expense ratio is robust to the alternative specification in

column 2 in which the explanatory variables are indicators of the BHCs financial variables quartile

groups. We observe that compared with the PI-MMFs sponsored by BHCs with liquid asset ratios

in the lowest quartile, the PI-MMFs sponsored by BHCs with liquid asset ratios in the highest

quartile charge 13-bps higher expense ratios on average. In all of these specifications, the equity

ratio is insignificant. This finding shows that MMF investors care about the liquidity strength of

the sponsor, rather than its capitalization.

The other variable we use is uninsured deposits. This variable can signal uninsured depositors’

perception of the strength of a BHC. The higher the level, the more confidence uninsured depositors

have about the financial strength of the BHC, ceteris paribus. Indeed, Jacewitz and Pogach (2018)

show that between 2007 and 2008, the risk premium paid by the largest BHCs was 35 bps lower than

the risk premium at other BHCs. These uninsured depositors are closest to the MMF institutional

investors, whose funds are explicitly uninsured but can benefit from implicit insurance provided

by the BHC sponsor. Hence, we argue that the amount of uninsured deposits in a BHC can be a

proxy for the collective confidence in this BHC’s financial strength.

We augment our analysis with the uninsured deposit ratio and present the results in columns

4–6 of Table 2.7. We observe that the relation between the uninsured deposits ratio and the charged
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expense ratio is significant in the quarterly data regression in column 6, although this relation is

less significant in the monthly data regression and insignificant in the quartiles of the uninsured

deposits ratio. However, in all cases the sign is positive that indicates higher levels of uninsured

deposits are correlated with higher expense ratios. A one-standard-deviation increase (5%) in the

uninsured deposits ratio is correlated with a 2.35-bps higher expense ratio in the subsequent quarter.

In addition, in columns 4–6, we find that the significance and magnitude of the liquid asset ratio

remain unchanged when the uninsured deposits ratio is taken into account.

The positive and significant relation between uninsured deposits and expense ratios can have

an alternate explanation. It is possible that uninsured depositors of the sponsoring BHC can move

their funds into the MMFs to exploit the U.S. Department of the Treasury (2008)’s guarantee on

MMFs. Therefore, MMFs could have raised expense ratios to meet the increased demand. On

September 29, following the collapse of the Reserve Fund and the unprecedented fund outflows

that followed, the U.S. Treasury announced the Temporary Guarantee Program for Money Market

Funds (commonly known as TGP).20 This program retroactively guaranteed money held by MMF

investors as of the close of business on September 19, 2008, 10 days earlier. TGP was designed to

address ”temporary dislocations in the credit market,” specifically to buttress the MMF industry

by stabilizing fund values. Indeed, TGP likely reduced the liquidity risk of the industry, overall, as

existing funds no longer had a reason to flee. Moreover, other government responses to the crisis

created new risk-free money management options for institutional investors. Starting on October

14, 2008, the FDIC implemented the Temporary Liquidity Guarantee Program (TLGP). In part,

the TLGP offered to guarantee without limit non-interest-bearing transaction accounts. By the

end of December 2008, the Program guaranteed nearly $684 billion, or 84%, of deposits in eligible
20See U.S. Treasury Press Release, September 29, 2008 (https://www.treasury.gov/press-center/press-

releases/Pages/hp1161.aspx).
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accounts (See Federal Deposit Insurance Corporation (FDIC), 2009, and authors calculations).

Moreover, there was a large and protracted increase in deposit accounts that were protected by the

TLGP. Funds covered by the TLGP increased by more than 13% ($112 billion), over the course

of 2009. These accounts are typically deposits by businesses used to make payroll and facilitate

other business transactions. As a point of comparison, the cumulative outflows from PI-MMFs

in September and October 2008 was approximately $400 billion.21 The guarantee of noninterest-

bearing transaction accounts ultimately expired on December 31, 2010.22

However, the specifics of the program’s design were such that it had less of an impact on our

empirical results. Namely, its retroactive nature meant that it did not directly affect the marginal

investor. Unlike most insurance guarantees, the TGP was a “sunk guarantee,” in the sense that it

applied only to funds that existed at some time in the past. The U.S. Treasury’s announcement

noted that the coverage applied “to shareholders for amounts that they held in participating money

market funds as of the close of business on September 19, 2008.” From the perspective of a marginal

investor, looking to invest a dollar or move a dollar in the present, that dollar would not be and

could not be guaranteed under the Treasury program. Thus, throughout the full post-Lehman

period, the maximum value of the guarantee for each individual fund and each individual investor

was immutably based on an ex ante unknowable date in the past.

To conclude, our analysis exploits the variations within BHC sponsors and indicates that PI-

MMFs that have BHC sponsors with lower default risks represented by a higher liquid assets ratio

charged a higher expense ratio. This result complements the main argument in this paper
21See Schmidt et al. (2016).
22See Federal Deposit Insurance Corporation (FDIC) (2017).
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2.8 Changes in the Expense Ratios Around the 2016 MMF Reform

The analysis thus far has concentrated on the 2008 financial crisis that heightened risk for MMF

investors. Therefore, the sponsor guarantee became more important and valuable for MMF in-

vestors. In this section, we identify an exogenous shock to MMFs. In 2016, the government put

regulations in place that potentially affected the value of a sponsor’s guarantee. Therefore, we look

for changes in the expense ratios around the time of these substantial regulatory developments.

On July 23, 2014, the Securities and Exchange Commission (2014a) adopted a reform to address

the risk of investor runs in MMFs. One of the major changes that affected PI-MMFs was the

imposition of floating net asset values (NAV) to be fully in effect by October 14, 2016. This change

required the PI-MMFs to value their portfolio instruments by using present market value rather

than the amortized cost. Funds were no longer required to maintain a fixed share price of $1.00.

In this way, “breaking the buck” is no longer possible. Regulators explicitly intended to reduce the

risk of breaking the buck by introducing the floating NAV.23 In that case, the value of the implicit

guarantee from the sponsors, or at least the perceived value, would have been reduced after the

2016 money market fund reform. Hence, if the difference in expense ratios between BHC-sponsored

funds and non-BHC-sponsored funds was driven by a difference in risk exposure for investors and if

the reforms reduced or eliminated the value of the implicit guarantee, then the premium in expense

ratios charged by BHC-sponsored funds would shrink or disappear after the reform.

Figure 2.4 displays the difference in the average expense ratios for BHC-sponsored and non-

BHC-sponsored funds from 2014 through 2018. The vertical lines represent the month when the

reform went into effect. As a reference for the overarching interest rate environment, the figure
23See SEC Commissioner Aguilar’s public statement, 2014 (https://www.sec.gov/news/statement/2014-07-23-

open-meeting-statment-laa).
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also provides the Federal Funds Rate. We observe that before the reform, BHC-sponsored PI-

MMFs charged higher expense ratio mostly. Shortly after the Reform, however, in response to the

change in interest rate environment, non-BHC-sponsored PI-MMFs rose their expense ratio more

than the BHC-sponsored PI-MMFs, and, as a consequence, the relation flipped that non-BHC-

sponsored funds consistently charged higher expense ratio. We should also note that changes in

the number of BHC-sponsored funds in the market after the reform were larger. From January

2016 to August 2017, the number of BHC-sponsored funds declined by 50%, whereas the number

of non-BHC-sponsored funds decreased by 23%.

To further examine this regulatory change, we conduct an analysis parallel to that in Table 2.2

with a robust difference-in-differences method as proposed by Bertrand et al. (2004). Table 2.8

shows the results. To better assess the change in expense ratios, we restrict our sample to the same

set of fund complexes as in our analysis of the Lehman collapse conditional on the fund complexes

still existing during our sample period of July 2014 to July 2018. We start in July 2014 because

this is the date the new reform was first proposed.

Table 2.2 shows that the funds sponsored by BHCs had lower net yields while charging higher

expense ratios after Lehman failed compared to funds sponsored by non-BHCs. In contrast, as

shown in columns 2 and 3 of Table 2.8, the analysis on the same sample of fund complexes indicates

that after the reform, BHC-sponsored PI-MMFs delivered higher net yields and charged lower

expense ratios than non-BHC-sponsored PI-MMFs. In a robustness check, we perform another

analysis that uses the full sample of all the available fund complexes in iMoneyNet during the sample

period and find that the results remain significant and have similar magnitude. Our findings are

consistent with a reduction in the value of an implicit subsidy following the 2016 reforms and thus

88



provide ancillary evidence that before the reform, the implicit guarantee from the BHC sponsors

was valuable and funds sponsored by BHCs were able to charge higher expense ratios.

2.9 Conclusion

PI-MMFs are an important part of the shadow banking system. In this paper, we show that an

important distinguishing feature of these funds is that PI-MMF investors perceive BHC-sponsored

funds to be less risky than non-BHC-sponsored PI-MMFs and price this BHC affiliation accord-

ingly. We provide evidence that they accept lower net yields and redeem less, in contrast to the

explanations in the literature. In other words, institutional investors behaved as if they were paying

insurance premiums to BHC-sponsored MMFs to protect their investment against losses during the

2008 MMF crisis. In support of this shadow insurance hypothesis, we further show that the charged

expense ratio is associated with the sponsoring BHC’s financial strength and the likelihood of its

support. Moreover, consistent with our hypothesis, the premium charged in the expense ratio of

BHC-sponsored MMFs disappeared after the 2016 MMF reform that shifted the risk from MMFs

to investors.

These observations are important in light of the definition of shadow banks first proposed by

McCulley (2009) and followed by many others (Acharya et al., 2013; Kane, 2014; Financial Stability

Board, 2015). These definitions highlight two quintessential characteristics of shadow banks. One,

they operate in the shadows without access to FDIC insurance. The other is that because shadow

banks do not have explicit access to the government safety net, they do not operate under the same

regulatory constraints.

However, our findings add a third characteristic. We show that shadow banks can extend
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shadow insurance. We show that during the 2008 crisis BHC-sponsored MMFs extended shadow

insurance by charging “premiums” in the form of higher expense ratios. This guarantee was more

pronounced at BHC-sponsored MMFs because the sponsor had access to the government safety net.

Therefore, we argue that it is better to characterize some of these nontraditional intermediation

activities as “banks in the shadows extending shadow insurance” rather than “shadow banks.”

90



Figures

Figure 2.1: Average gross yields for prime institutional money market funds.
The sample period is from January 2006 through November 2009. The vertical lines represent the
two important dates affecting the risk of the funds. August 2007 is when the French bank BNP
Paribas announced that they had frozen $2.2 billion of subprime funds. September 2008 is when
the Lehman crisis occurred.
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Figure 2.2: Average expense ratios for prime institutional money market funds.
The sample period is from January 2006 through November 2009. The vertical lines represent the
two important dates affecting the risk of the funds. August 2007 is when the French bank BNP
Paribas announced that they had frozen $2.2 billion of subprime funds. September 2008 is when
the Lehman crisis occurred.
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Figure 2.3: Average expense ratios by required minimum investment before and after the
Lehman failure (September 2008).
Funds are separated into three sizes: “small” for funds with minimum balances of less than $25,000,
“medium” for funds with between $25,000 and $1,000,000, and “large” for funds with minimum
balances of more than $1,000,000.
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Figure 2.4: Difference in the average expense ratios for prime institutional money market
funds for bank and nonbank sponsors.
The sample period is from July 2014 through June 2018. The left axis shows the difference in the
average expense ratios for bank and nonbank sponsored prime institutional money market funds.
The right axis provides the Federal Funds Rate for reference. The vertical line represents the month
when the money market fund reform went into effect.
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Tables

Table 2.1: Portfolio characteristics for prime institutional money market funds.

June 2008 December 2008
All Non-BHC BHC All Non-BHC BHC

30-Day Gross Yield (bps) 274.3 275.1 272.9 185.2 189.6 180.3*
(17.14) (16.89) (17.61) (50.68) (59.45) (38.27)

Expense Ratio (bps) 36.3 36.04 36.83 39.83 36.16 43.92***
(23.98) (25.45) (20.83) (24.22) (23.39) (24.54)

30-Day Net Yield (bps) 238 239 236 145.3 153.4 136.4***
(28.55) (30.03) (25.34) (52.51) (58.88) (42.80)

Share Class Assets ($B) 3.5 3.3 3.9 3.2 3.0 3.4
(7.6) (7.6) (7.8) (7.1) (6.4) (7.8)

WAM (days) 42.24 42.31 42.1 37.85 39.14 36.42*
(11.82) (12.34) (10.73) (13.54) (16.28) (9.467)

Age (years) 9.948 9.942 9.959 10.87 11.17 10.55
(6.999) (7.142) (6.734) (7.147) (7.638) (6.568)

Complex Assets ($B) 103.6 108.4 94.0 137.5 131.7 143.8
(108.9) (119.8) (82.4) (138.9) (160.6) (109.9)

Low-Risk Holdings
U.S. Govt. 0.0489 0.048 0.0507 0.0861 0.0859 0.0863

(0.0951) (0.0891) (0.107) (0.129) (0.121) (0.137)
Repos 0.135 0.136 0.133 0.148 0.147 0.150

(0.118) (0.125) (0.104) (0.165) (0.203) (0.109)
Risky Holdings
All Risky Holdings 0.816 0.816 0.816 0.766 0.767 0.764

(0.159) (0.158) (0.161) (0.201) (0.218) (0.181)
Time Deposits 0.0297 0.0208 0.0473*** 0.0357 0.0231 0.0499***

(0.0412) (0.032) (0.0508) (0.0613) (0.0405) (0.0759)
Bank Obligations 0.189 0.18 0.207 0.176 0.208 0.140***

(0.15) (0.143) (0.162) (0.151) (0.167) (0.122)
Floating Rate Notes 0.185 0.194 0.168* 0.149 0.149 0.148

(0.137) (0.144) (0.12) (0.138) (0.157) (0.113)
Commercial Paper 0.242 0.218 0.290*** 0.222 0.226 0.218

(0.189) (0.196) (0.163) (0.159) (0.181) (0.129)
ABCP 0.17 0.203 0.103*** 0.184 0.162 0.208**

(0.164) (0.173) (0.118) (0.183) (0.176) (0.188)
Observations 345 230 115 317 167 150

The means for each variable are given for the universe of prime institutional money market funds
(PI-MMFs), as well as for each group of sponsors, namely, non-BHCs and BHCs. The standard
deviations are in the parentheses below the mean. Holdings are a fraction of total net assets. *p <
.1; **p < .05; ***p < .01 (asterisks on the mean represent the significance of the difference between
non-BHC and BHC-sponsors).
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Table 2.2: Relationship between the yield and expense ratios with fund sponsorship.

Difference-in-differences Robust difference-in-differences
(1) (2) (3) (4) (5) (6)

Variables
30-day

gross yield
(bps)

30-day net
yield (bps)

Charged
expense

ratio (bps)

30-day
gross yield

(bps)

30-day net
yield (bps)

Charged
expense

ratio (bps)

BHC -7.15** -10.78** 3.62 -3.06 -6.63 3.19
(-2.13) (-2.49) (1.10) (-1.08) (-1.50) (0.99)

After Lehman -23.00*** -20.32*** -2.63 118.43*** 137.92*** -6.85
(-4.82) (-4.21) (-1.47) (3.76) (4.34) (-0.54)

BHC * After Lehman -6.77 -13.24** 6.55** -8.99* -12.83** 4.97**
(-1.16) (-2.10) (2.59) (-1.70) (-2.26) (2.08)

log(Complex assets) -0.54 -1.48 0.93 -1.52 -2.65** 0.96
(-0.53) (-1.45) (0.99) (-1.46) (-2.34) (1.00)

Treasury yield (bps) 0.51*** 0.52*** -0.01** 1.55*** 1.70*** -0.05
(18.54) (19.33) (-2.07) (6.76) (7.29) (-0.55)

log(WAM) 16.58*** 11.87* 4.81** 23.37*** 17.85*** 6.16**
(2.83) (1.91) (2.47) (4.91) (3.66) (2.44)

Time deposits (%) 1.15*** 1.07*** 0.08 0.39 0.30 0.10
(3.50) (2.72) (0.35) (0.89) (0.56) (0.30)

Bank obligations (%) 1.01*** 1.07*** -0.06 1.04*** 1.16*** -0.10
(7.74) (6.03) (-0.44) (8.71) (6.79) (-0.70)

Floating rate notes (%) 1.38*** 1.50*** -0.12 1.17*** 1.37*** -0.17*
(5.85) (6.89) (-1.33) (7.35) (9.55) (-1.80)

Commercial paper (%) 0.72*** 0.79*** -0.07 0.54*** 0.65*** -0.10
(4.21) (4.32) (-0.97) (4.57) (4.38) (-1.12)

ABCP (%) 0.55*** 0.56*** -0.01 0.69*** 0.73*** -0.03
(3.19) (2.74) (-0.09) (3.61) (3.68) (-0.34)

log(Minimum investment) 0.01 1.47*** -1.46*** 0.08 1.38*** -1.31***
(0.02) (4.36) (-5.39) (0.31) (3.86) (-4.51)

Constant 101.23*** 68.29*** 32.51*** -75.26 127.31*** 34.51*
(5.38) (3.35) (3.63) (-1.62) (-2.71) (1.95)

Observations 4,355 4,354 4,359 708 707 709
R-squared .513 .503 .121 .875 .804 .115

Columns 1–3 present results from Equation 4. Columns 4–6 present results from regressions on
the months before and after Lehman bankruptcy. Bertrand et al. (2004) propose this technique
as a robust difference-in-differences regression that produces consistent standard errors. BHC is
a dummy variable that equals one for BHC-sponsored funds and zero otherwise. After Lehman
equals one for observations in September 2008–February 2009 and zero for observations in February
2008–August 2008. The sample period is from February 2008 to February 2009. Standard errors
are clustered at the sponsor level. Robust t-statistics are in parentheses. *p < .1; **p < .05; ***p
< .01
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Table 2.3: Robustness tests of difference-in-differences method for yields and expense ratios
of Government Institutional MMFs and Prime Retail MMFs.

Government institutional MMFs Prime retail MMFs
(1) (2) (3) (4) (5) (6)

Variables
30-day

gross yield
(bps)

30-day net
yield (bps)

Charged
expense

ratio (bps)

30-day
gross yield

(bps)

30-day net
yield (bps)

Charged
expense

ratio (bps)

BHC -5.60 -8.96 3.32 -3.55 -10.73 7.18
(-0.98) (-1.19) (0.89) (-0.75) (-1.64) (1.03)

After Lehman -14.72 -35.06 22.25 161.19*** 33.32 127.86
(-0.50) (-1.09) (1.36) (2.96) (0.48) (1.20)

BHC * After Lehman 1.05 0.09 1.20 -13.05** -11.82** -1.22
(0.15) (0.01) (0.37) (-2.15) (-2.00) (-0.41)

log(Complex assets) -3.02** -4.17** 1.13 -0.32 2.61 -2.92
(-2.36) (-2.55) (1.46) (-0.28) (1.45) (-1.38)

Treasury yield (bps) 0.87*** 0.69*** 0.20 2.15*** 1.05 1.10
(3.65) (2.76) (1.60) (4.47) (1.65) (1.14)

log(WAM) 7.94*** 4.88* 3.23** 30.63*** 27.90*** 2.72
(3.66) (1.97) (2.19) (4.39) (2.82) (0.37)

Time deposits (%) 0.84** 0.55 0.30
(2.20) (0.63) (0.37)

Bank obligations (%) 1.02*** 0.74*** 0.27
(5.81) (4.10) (1.08)

Floating rate notes (%) 1.53*** 1.60*** -0.07* 1.32*** 0.71*** 0.62***
(7.98) (8.62) (-1.80) (7.43) (2.94) (2.98)

Commercial paper (%) -5.62 -2.52 -3.07*** 0.53*** 0.08 0.45**
(-1.11) (-0.48) (-4.35) (4.00) (0.54) (2.59)

ABCP (%) 0.71*** 0.41 0.29
(4.71) (1.57) (1.11)

log(Minimum investment) -0.19 1.34*** -1.51*** 0.26 1.75*** -1.49***
(-0.53) (3.05) (-3.92) (1.24) (3.19) (-2.91)

Constant 94.47** 87.80* 3.36 -204.75** -101.58 -103.17
(2.25) (1.89) (0.15) (-2.65) (-1.02) (-0.68)

Observations 748 748 750 527 527 527
R-squared .865 .824 .154 .875 .688 .118

The method we use was proposed by Bertrand et al. (2004). The sample MMFs here are chosen
such that these MMFs have the same sponsors as the PI-MMFs in Table 2.2. BHC is a dummy
variable that equals one for BHC-sponsored funds and zero otherwise. After Lehman equals one for
observations in September 2008–February 2009 and zero for observations in February 2008–August
2008. The sample period is from February 2008 to February 2009. Standard errors are clustered
at the sponsor level. Robust t-statistics are in parentheses. *p < .1; **p < .05; ***p < .01
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Table 2.4: Investor redemptions in response to the Lehman crisis.

Difference-in-differences Robust difference-in-differences
(1) (2) (3) (4) (5) (6)

Variables
1-month

redemptions
(%)

2-month
redemptions

(%)

3-month
redemptions

(%)

1-month
redemptions

(%)

2-month
redemptions

(%)

3-month
redemptions

(%)

BHC 2.64 5.70 6.68 2.23 5.40 6.30
(1.56) (1.34) (0.95) (1.37) (1.28) (0.91)

After Lehman 14.26*** 13.92*** 13.76* 78.71*** 199.36*** 248.40***
(4.50) (2.84) (1.92) (5.56) (6.50) (5.17)

BHC * After Lehman -1.03 -0.65 2.17 -1.20 -0.27 1.36
(-0.38) (-0.10) (0.23) (-0.44) (-0.04) (0.13)

Treasury yield (bps) 0.09*** 0.05** 0.03 0.56*** 1.46*** 1.87***
(5.16) (2.41) (0.95) (4.84) (5.83) (4.89)

log(Complex assets) -0.41 -0.63 -0.75 -0.21 -0.48 -0.72
(-1.59) (-1.13) (-0.89) (-0.83) (-0.83) (-0.81)

30-day gross yield (bps) 0.02** 0.08*** 0.12*** 0.03 0.05 -0.02
(2.24) (3.75) (4.47) (0.92) (0.58) (-0.19)

log(WAM) -5.84*** -11.31*** -17.01*** -8.95*** -16.88*** -19.69***
(-4.39) (-3.89) (-4.23) (-4.47) (-4.51) (-3.72)

Chgd expense ratio (bps) -0.01 -0.01 -0.04 -0.00 0.00 -0.02
(-0.49) (-0.39) (-0.76) (-0.21) (0.10) (-0.29)

Time deposits (%) -0.19** -0.46** -0.67** -0.12 -0.33 -0.41
(-2.12) (-2.23) (-2.02) (-0.85) (-1.00) (-0.92)

Bank obligations (%) 0.05 0.06 0.08 0.08 0.23* 0.45**
(1.06) (0.46) (0.51) (1.43) (1.78) (2.37)

Floating rate notes (%) -0.02 -0.08 -0.09 -0.03 0.01 0.17
(-0.37) (-0.58) (-0.54) (-0.59) (0.11) (1.00)

Commercial paper (%) -0.04 -0.09 -0.10 0.00 0.05 0.21
(-0.79) (-0.87) (-0.82) (0.05) (0.51) (1.49)

ABCP (%) -0.07** -0.20** -0.23* -0.02 -0.08 0.03
(-2.11) (-2.04) (-1.81) (-0.55) (-0.73) (0.19)

log(Minimum investment) -0.18** -0.38** -0.59** -0.17** -0.43** -0.70**
(-2.25) (-2.18) (-2.29) (-2.11) (-2.38) (-2.52)

Constant 7.82 24.66** 42.52*** -63.71*** -184.36*** -227.22***
(1.34) (2.21) (2.88) (-3.97) (-4.62) (-3.78)

Observations 3,990 3,625 3,267 702 696 693
R-squared .036 .045 .059 .218 .231 .162

Columns 1–3 present results from Equation 4, and columns 4–6 present results from a robust
difference-in-differences method as proposed by Bertrand et al. (2004). BHC is a dummy variable
that equals one for BHC-sponsored funds and zero otherwise. After Lehman equals one for ob-
servations in September 2008–February 2009 and zero for observations in February 2008–August
2008. The sample period is from February 2008 to February 2009. Standard errors are clustered
at the sponsor level. Robust t-statistics are in parentheses. *p < .1; **p < .05; ***p < .01
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Table 2.5: Results of a logit model for the analysis on the likelihood of receiving support
from sponsors.

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

Variables Get support
(1/0)

Get support
(1/0)

Get support
(1/0)

Get support
(1/0)

Get support
(1/0)

Get support
(1/0)

BHC 1.087 2.225* -0.528 -2.043 4.021 -2.044
(1.13) (1.69) (-0.41) (-1.08) (0.96) (-1.16)

BHC * CP (excluding ABCP) -0.044
(-0.92)

BHC * ABCP 0.103*
(1.95)

BHC * Commercial paper 0.073
(1.62)

BHC * Risky holdings -0.038
(-0.65)

BHC * Max monthly loss 0.067**
(1.96)

CP (excluding ABCP) (%) 0.043 0.058 0.035 0.040
(1.01) (1.24) (0.82) (0.96)

ABCP (%) 0.016 0.021 -0.012 0.022
(0.50) (0.62) (-0.30) (0.67)

Commercial paper (%) 0.002
(0.06)

Risky holdings 0.022
(0.63)

Maximum monthly asset loss 0.039** 0.042** 0.041* 0.031* 0.021 0.017
(2.19) (2.33) (1.92) (1.72) (1.30) (1.08)

Business spillover -0.016 -0.017 -0.020 -0.014 -0.021 -0.017
(-0.93) (-1.01) (-1.20) (-0.73) (-0.95) (-1.08)

Fund Controls Yes Yes Yes Yes Yes Yes
Observations 80 80 80 80 80 80

Support is a binary variable that equals one if the fund gets support from its sponsor and zero
otherwise. BHC is a dummy variable that equals one for BHC-sponsored funds and zero otherwise.
Business spillover is defined as the sponsor’s assets under management excluding its PI-MMF di-
vided by the sponsor’s total assets under management (Kacperczyk and Schnabl, 2013). Maximum
monthly asset loss is the negative of the largest monthly percentage change in net assets during the
analysis period. The sample period for MMF data is from February 2008 to February 2009. The
sample includes support instances reported in SEC annual financial statement filings from February
2008 to January 2010. These reports reflect support instances during the calendar years ending
February 2008 and end of 2009. Standard errors are clustered at sponsor level. Robust z-statistics
are in parentheses. *p < .1; **p < .05; ***p < .01
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Table 2.6: Relationship between the charged expense ratio and the likelihood of receiving
support.

>5% asset loss >10% asset loss >15% asset loss >20% asset loss >25% asset loss
(1) (2) (3) (4) (5)

Variables Charged expense
ratio (bps)

Charged expense
ratio (bps)

Charged expense
ratio (bps)

Charged expense
ratio (bps)

Charged expense
ratio (bps)

BHC 3.538 1.614 2.364 -0.640 -1.653
(1.07) (0.44) (0.55) (-0.18) (-0.40)

Prob(support) -16.754 -27.575** -21.541* -29.224*** -33.849***
(-1.27) (-2.29) (-1.67) (-3.27) (-3.06)

BHC * Prob(support) 21.193** 29.219** 26.636* 36.278*** 38.719***
(2.46) (2.43) (1.99) (3.33) (3.05)

log(Complex assets) -1.421 -1.205 -1.920** -2.137*** -2.266***
(-1.39) (-1.19) (-2.52) (-3.04) (-3.01)

30-day gross yield (bps) 0.084** 0.125*** 0.104* 0.080 0.071
(2.04) (2.72) (1.91) (1.58) (1.40)

Max monthly asset loss -0.107 -0.065 -0.040 0.086 0.081
(-1.37) (-0.78) (-0.43) (1.39) (1.32)

log(WAM) 4.922** 5.748** 8.005*** 10.574*** 10.072***
(2.17) (2.37) (3.18) (3.75) (3.55)

Time deposits (%) -0.478 -0.431 -0.339 -0.193 -0.034
(-1.10) (-1.40) (-1.02) (-0.67) (-0.09)

Bank obligations (%) -0.104 -0.140 -0.156 -0.285*** -0.253**
(-0.55) (-0.89) (-1.16) (-2.71) (-2.06)

Floating rate notes (%) -0.146 -0.152 -0.238 -0.237* -0.104
(-1.11) (-0.99) (-1.60) (-1.77) (-0.79)

Commercial paper (%) 0.013 0.012 -0.036 -0.098 -0.011
(0.13) (0.09) (-0.31) (-0.77) (-0.09)

ABCP (%) -0.088 -0.188 -0.170 -0.300*** -0.262**
(-0.68) (-1.59) (-1.63) (-2.71) (-2.52)

log(Minimum investment) -0.626** -0.706** -0.599** -0.474* -0.494
(-2.01) (-2.21) (-2.13) (-1.76) (-1.68)

Constant 17.529 4.814 7.749 5.111 6.508
(1.22) (0.38) (0.64) (0.38) (0.48)

Observations 130 116 102 80 66
R-squared .323 .354 .391 .582 .559

Each column shows results from a sample funds that experienced greater than 5%, 10%, 15%,
20%, or 25% asset losses in at least one month during the sample period, respectively. BHC is a
dummy variable that equals one for BHC-sponsored funds and zero otherwise. Prob(Support) is
the estimated, obtained from a logit model, probability of getting support. Max monthly asset loss
is the largest monthly percentage change in net assets during the analysis period experienced by a
fund. The sample period is from February 2008 to February 2009. Standard errors are clustered
at sponsor level. Robust t-statistics are in parentheses. *p < .1; **p < .05; ***p < .01
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Table 2.7: Analysis of the sample of BHC-sponsored PI-MMFs.

(1) (2) (3) (4) (5) (6) (7)

Variables
Charged
expense

ratio (bps)

Charged
expense

ratio (bps)

Charged
expense
ratio

(quarterly, bps)

Charged
expense

ratio (bps)

Charged
expense

ratio (bps)

Charged
expense
ratio

(quarterly, bps)

Quarterly
asset

inflow (%)

Liquid assets ratio 0.36** 0.43** 0.32** 0.39** -1.09
(2.42) (2.70) (2.19) (2.56) (-1.69)

Equity ratio -0.04 0.27 -0.23 -0.01 4.74**
(-0.05) (0.33) (-0.28) (-0.01) (2.45)

Uninsured deposits ratio 0.40* 0.47**
(1.98) (2.60)

Uninsured deposits outflow (%) 0.03
(0.83)

Liquid assets ratio quartiles
2nd quartile 3.37 2.57

(1.08) (0.77)
3rd quartile 6.11 5.52

(1.33) (1.19)
4th quartile 13.29*** 13.16***

(3.19) (3.17)
Equity ratio quartiles
2nd quartile -1.51 -1.68

(-0.46) (-0.50)
3rd quartile 2.51 2.98

(0.68) (0.78)
4th quartile -2.82 -1.37

(-0.45) (-0.22)
Uninsured dep ratio quartiles
2nd quartile -0.37

(-0.17)
3rd quartile -0.79

(-0.31)
4th quartile 6.62

(1.40)
Fund Controls Yes Yes Yes Yes Yes Yes Yes
Observations 1,072 1,072 421 1,072 1,072 421 421
R-squared .234 .241 .195 .240 .246 .203 .031

Column 1 shows the relation between the charged expense ratio and the lagged BHCs’ financial
variables. Column 2 shows the relation between the charged expense ratio and the lagged BHCs’
financial variables sorted into four quartile groups. Column 3 shows the relation between the
charged expense ratio and the lagged BHCs’ financial variables in quarterly data regression.
Columns 4–6 augment the analysis in columns 1–3 with the inclusion of the uninsured deposits
ratio. Column (7) shows the relation between quarterly asset inflow to PI-MMFs and the change
in BHCs’ uninsured deposits. Liquid assets include federal funds sold, federal funds for resell,
non-interest-bearing balance (currency), interest-bearing balances (domestic), and interest-bearing
balances (foreign). The ratios are relative to BHCs’ total assets. Columns 1, 2, 4, and 5 use
monthly observations and have a sample period from February 2008 to February 2009. Column 3,
6, and 7 use quarterly observations and have a sample period from the second quarter of 2008 to
the first quarter of 2009. Standard errors are clustered at sponsor level. Robust t-statistics are in
parentheses. *p < .1; **p < .05; ***p < .01
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Table 2.8: Robustness tests of the difference-in-differences method for the yields and expense
ratios of PI-MMFs before and after the money market fund reform of 2016.

(1) (2) (3)

Variables 30-day gross yield
(bps)

30-day net yield
(bps)

Charged expense ratio
(bps)

BHC -0.89 -7.77*** 6.88***
(-0.67) (-4.93) (3.61)

After reform 1.69 -10.02 11.71**
(0.38) (-1.38) (2.23)

BHC * After reform 1.35 8.22** -6.87**
(0.72) (2.51) (-2.29)

log(Complex assets) 1.60*** -1.48* 3.08***
(3.08) (-1.91) (5.63)

Treasury yield (bps) 1.08*** 1.08*** -0.00
(28.43) (13.94) (-0.00)

log(WAM) 5.08*** 2.76 2.33
(3.02) (1.43) (1.69)

Time deposits (%) 0.09 0.04 0.05
(0.82) (0.33) (0.48)

Bank obligations (%) 0.04 -0.00 0.05
(1.15) (-0.02) (0.91)

Floating rate notes (%) 0.03 -0.22** 0.25**
(0.56) (-2.05) (2.73)

Commercial paper (%) 0.02 -0.13 0.15*
(0.31) (-1.45) (2.00)

ABCP (%) -0.03 -0.05 0.02
(-0.38) (-0.46) (0.22)

log(Minimum investment) 0.05 1.11*** -1.06***
(0.59) (7.37) (-5.53)

Constant -14.85** 3.28 -18.12**
(-2.08) (0.42) (-2.23)

Observations 338 338 338
R-squared .991 .932 .307

The method was originally proposed by Bertrand et al. (2004). The analysis uses the same sample
of fund complexes as the analysis in Table 2.2. BHC is a dummy variable that equals one for
BHC-sponsored funds and zero otherwise. After reform equals one for observations in November
2016–July 2018 and zero for observations in July 2014–October 2016. The sample period is from
July 2014 to July 2018. Standard errors are clustered at sponsor level. Robust t-statistics are in
parentheses. *p < .1; **p < .05; ***p < .01
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Appendix

Table A1: Sample prime institutional funds as of September 2008 and corrections to fund
sponsors reported by iMoneyNet

Complex Number of
funds

Number of
share classes

iMoneyNet sponsor
indicator Corrected sponsor

BHC status change within sample period (2 complexes / 8 funds / 32 share classes)
Goldman Sachs 5 21 BHC/Non-BHC Non-BHC then BHC
Morgan Stanley 3 11 BHC Non-BHC then BHC
No domestically domiciled regulatory high-holder (7 complexes / 10 funds / 20 share classes)
Barclays 2 8 BHC/Non-BHC Non-BHC
BMO (BHC of Montreal) 1 1 BHC Non-BHC
Credit Suisse 1 3 BHC Non-BHC
HSBC 1 2 BHC Non-BHC
ING 3 3 BHC Non-BHC
RBC 1 1 Non-BHC BHC
UBS 1 2 BHC Non-BHC
Data error (9 complexes / 21 funds / 41 share classes)
American Century 2 2 Non-BHC BHC
BlackRock 8 16 BHC/Non-BHC Non-BHC
CitizensSelect 1 4 BHC Non-BHC
Legg Mason 4 9 BHC/Non-BHC Non-BHC
Monarch 1 4 Non-BHC BHC
Munder 2 3 BHC/Non-BHC Non-BHC
RidgeWorth 1 1 BHC Non-BHC
Virtus 1 1 BHC Non-BHC
BBH (Brown Brothers Harriman) 1 1 BHC Non-BHC
No change from iMoneyNet data (55 complexes / 97 funds / 236 share classes)
Advisors Inner Circle 1 1 Non-BHC Non-BHC
Allegiant 2 3 BHC BHC
Ambassador 1 1 Non-BHC Non-BHC
American Beacon 1 4 Non-BHC Non-BHC
AMF 1 1 Non-BHC Non-BHC
Bishop St 1 1 BHC BHC
BNY Mellon 1 1 BHC BHC
BofA Global Capital 2 10 BHC BHC
Cadre 1 2 Non-BHC Non-BHC
Calvert 1 1 Non-BHC Non-BHC
Cavanal Hill 1 2 BHC BHC
Deutsche 3 7 BHC BHC
Dreyfus 7 24 BHC BHC
Evergreen 2 9 BHC BHC
Federated 6 15 Non-BHC Non-BHC
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Fidelity 5 18 Non-BHC Non-BHC
Fifth Third 1 4 BHC BHC
First American 1 4 BHC BHC
Fortis 2 3 Non-BHC Non-BHC
Franklin 1 2 Non-BHC Non-BHC
GE 2 2 Non-BHC Non-BHC
Hancock Horizon 1 1 BHC BHC
Invesco 3 16 Non-BHC Non-BHC
Janus 2 3 Non-BHC Non-BHC
JPMorgan 2 11 BHC BHC
Lehman Brothers 4 11 Non-BHC Non-BHC
Meeder 1 1 Non-BHC Non-BHC
Nationwide 1 1 Non-BHC Non-BHC
North Track 1 1 Non-BHC Non-BHC
Northern 2 6 BHC BHC
OppenheimerFunds 1 3 Non-BHC Non-BHC
Pax World 1 1 Non-BHC Non-BHC
Performance 1 1 BHC BHC
PFM 1 1 Non-BHC Non-BHC
Pioneer 2 4 Non-BHC Non-BHC
PNC 1 1 BHC BHC
Principal 1 1 Non-BHC Non-BHC
Prudential 2 3 Non-BHC Non-BHC
Reich & Tang 1 2 Non-BHC Non-BHC
Reserve 2 10 Non-BHC Non-BHC
RMK 1 1 BHC BHC
Schwab 2 4 Non-BHC Non-BHC
SEI 2 9 Non-BHC Non-BHC
SSgA (State Street) 2 3 BHC BHC
Sterling Capital 1 1 BHC BHC
TD Asset Mgmt USA 1 2 BHC BHC
Thrivent 1 1 Non-BHC Non-BHC
TIAA-CREF 2 3 Non-BHC Non-BHC
Touchstone 2 3 Non-BHC Non-BHC
Utendahl 1 1 Non-BHC Non-BHC
Vanguard 1 1 Non-BHC Non-BHC
Victory 1 2 BHC BHC
Wells Fargo 4 7 BHC BHC
Wilmington 2 4 BHC BHC
Wilmington Trust 1 1 BHC BHC
Total 136 329
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3 Chapter 3: The Spillover Effect of Alleged Corporate Misconduct

3.1 Introduction

Corporate financial frauds pose significant threats to the integrity of capital markets and the welfare

of market participants. The revelations of such frauds often lead to substantial losses for both the

shareholders and stakeholders (e.g. Dechow et al., 1996b; Karpoff et al., 2008b). Notwithstanding

the serious repercussions, Dyck et al. (2023) estimate that approximately 14.5% of large publicly

traded firms are engaging in financial misconduct in a given year, weighing the lucrative benefits

of cooking the book and the relatively low likelihood of being detected. Consequently, the number

of alleged frauds tend to be dwarfed by the number of actual instances of financial misconduct.

For instance, between 2005 and 2015, the average number of securities class action lawsuits settled

was merely about seventy, a figure that contrasts with the possible extent of undetected frauds.

The pervasiveness of undetected financial misconduct can severely undermine the trust in financial

markets. In the wake of financial fraud accusation against a firm, the market participants may

speculate that the peer firms of the accused firm might also engage in fraudulent activities that

have not been detected yet, which triggers financial market repercussions. The case of WorldCom

vividly illustrates this phenomenon. When allegations against WorldCom emerged, accompanied by

a securities class action lawsuit and Securities and Exchange Commission’s (SEC’s) investigation in

April 2002, the industry peers of WorldCom, AT&T and Verizon, experienced considerable drops in

share prices, losing 15% and 13% respectively during that month. The anecdotal evidence suggests

the fragile trust and skepticism among investors towards peer firms in the event of fraud allegation.

The rationale behind these market reactions is grounded in the widespread occurrence of corporate

misconduct and the macro-level explanation for the motivations driving corporate wrongdoing.
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Specifically, Prechel and Morris (2010) argue that industry conditions significantly influence the

commitment of corporate misconduct and thus firms competing in the same sector may resort

to similar malpractices. This paper aims to systematically examine the spillover effects of fraud

revelations on the peer firms, shedding light on the broader implications and costs incurred by

corporate financial misconduct.

This study leverages the securities class action lawsuits to compile a sample of corporate financial

misconduct. Dyck et al. (2010b) emphasize that this sample of firms targeted by securities class

action lawsuits closely mirrors the population of large public firms with alleged misconduct, due to

the proactive nature of law firms specialized in such litigation.24 The product market peer firms

of the accused firm are identified using the Text-based Network Industry Classifications (TNIC)

developed by Hoberg and Phillips (2010, 2016). This innovative peer group classification system,

relying on textual analysis of the business descriptions in the firms’ disclosure, is more informative

and sharply improved upon alternative classifications in explaining firm decisions. I investigate the

spillover effects on the peer firms in both the equity and debt markets, acknowledging that the

revelation of misconduct may have different implications for equity and debt holders whose rights

and claims in the firm are fundamentally different.

First, this study examines the equity market impact of misconduct revelation. Using an event

study approach, the analysis shows that peer firms experience a significant negative cumulative

abnormal return of -2.7% during the revelation period. To further examine the heterogeneous

impact on firms with different level of credibility, the study categorizes peer firms into two groups—

peer firms sharing the same external auditor as the accused firm and peer firms with different
24Substantial share price declines in a publicly traded firm would prompt law firms specialized in securities litigation

to initiate investigations for evidence to file a class action lawsuit. Given that share prices invariably suffer a decline
following the disclosure of financial misconduct, it is highly unlikely for such misconduct to be exposed without
subsequently triggering a class action lawsuit (Coffee, 1986; Dyck et al., 2010b).
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auditors. This distinction is informed by the critical role of auditors as gatekeepers in preventing

financial misconduct (Bratton, 2001; Coffee, 2001) and the observed tendency for practices to

spillover among client firms under the same auditor (Francis et al., 2014; Cao and Pham, 2021).

Therefore, peer firms with the same auditor as the accused are potentially viewed as less credible

due to the concerns about the auditor’s reputation and independence. The findings indicate that

peer firms that have the same auditor are more adversely affected, exhibiting over 4% negative

cumulative abnormal return. The results suggest the presence of negative spillover effect through

undermined credibility as a channel. Extending the analysis to the debt markets, the study employs

a staggered difference-in-differences design to explore the repercussions on loans and bonds of the

peer firms. It finds that loans issued to the peer firms have significantly higher spread over the

benchmark rate following the revelation of misconduct. Similarly, the bond issues from the peer

firms have higher credit spread over the treasury bonds post-revelation. Notably, loans taken by

the peer firms with the same auditor as the accused firm are more likely to be secured and bonds

issues from these firms come with more covenants. The findings are consistent with the notion that

creditors reassess the credibility of the peer firms in light of misconduct revelation in the accused

firm, demanding higher interest rate and imposing tighter terms. Furthermore, the analysis also

shows that peer firms often respond to the damaged credibility by replacing external auditors, an

action aimed at regaining trust from the market. Additionally, the peer firms are more likely to

face allegations of financial misconduct in the future, which suggests that the market’s negative

reactions are not impulsive but based on rational expectations of future misconduct revelation

among these peer firms.

Evaluating the damages resulting from corporate misconduct is crucial not only for determining

appropriate penalties and settlements in securities class action lawsuits but also for shaping regu-
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latory policies. In securities litigation, damages are typically assessed based on the length of class

period, the degree of share price inflation due to misconduct and trading activities of the the share-

holders (Finnerty and Goswami, 2006). Beyond the courtroom, proper estimation of damage from

corporate misconduct is relevant for regulators’ cost-benefit analyses that inform policy making.

The findings in this study add another layer of complexity to the assessment of damage, suggesting

that the spillover effect of corporate misconduct should also be considered to avoid underestimating

the true costs of such misconduct.

This study contributes to the literature on the costs and consequences of corporate financial

misconduct. Prior studies have extensively documented a wide range of adverse outcomes stemming

from the detection of financial misconduct. Market value loss emerges as the primary consequence,

with studies finding significant declines in share prices of the accused firms (e.g., Dechow et al.,

1996b; Beneish, 1999; Palmrose et al., 2004; Karpoff et al., 2008b; Gande and Lewis, 2009). The

losses in market value are mainly attributable to reputational losses, in addition to the reversal

of manipulated price inflation and the direct costs such as fines and settlements (Karpoff and

Lott, 1993; Karpoff et al., 2008b). Beyond the equity market, these firms also face increased costs

of funding as both equity investors and lenders demand higher premium to compensate for the

heightened risk and information issues (e.g., Hribar and Jenkins, 2004; Graham et al., 2008; Kravet

and Shevlin, 2010; Chava et al., 2018). The consequences from the revelation of misconduct extend

to operational performance. For example, studies have found that the accused firms experience

elevated operating costs, lower sales and reduced earnings from operations, as the firms’ customers

and business partners may reconsider their associations with the accused firms (Karpoff et al.,

1999; Murphy et al., 2009; Johnson et al., 2014). Furthermore, corporate misconduct could result

in the turnover of managers, either as a direct consequence of their involvement in the misconduct
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or due to the action of rebuilding reputation and restoring trust (e.g., Farber, 2005; Desai et al.,

2006; Karpoff et al., 2008a). Fich and Shivdasani (2007) also find that the directors in the accused

firms tend to lose their board membership in other firms. This study extends the literature by

investigating the externality of corporate financial misconduct on the product market peers. It

specifically examines the repercussions of misconduct revelation on peer firms across both the

equity and debt markets, using a more accurate proxy for the initial revelation date and an inclusive

sample of corporate financial misconduct instances. By focusing on the externality associated with

misconduct revelation, the findings in this study highlight the broader societal costs entailed by

corporate misconduct.

This study also contributes to the literature on the spillover effects on peer firms. The spillover

effects suggest that the information about one firm, whether positive or negative, can influence the

market perceptions and actions of its peer firms and thus has implications for these peer firms.

Existing literature has demonstrated that industry peers experience a decline in market value in

response to a firm’s negative information such as bankruptcy announcement (Lang and Stulz, 1992),

accounting restatement (Gleason et al., 2008) and regulators’ enforcement action (Bittlingmayer

and Hazlett, 2000; Goldman et al., 2012; Naumovska and Lavie, 2021). The spillover effects have

also been observed in other contexts including new product introduction, financial distress and

corporate disclosure and the effects are not limited to changes in market value but also include firm

financing, investment decision and business closure (Chen et al., 2005; Garcia-Appendini, 2018;

Benmelech et al., 2019; Durnev and Mangen, 2020). Additionally, the firms’ corporate financial

policies such as capital structure decision and dividend policy are shown to be shaped by the policies

of the peer firms (Leary and Roberts, 2014; Grennan, 2019). This paper adds to the the literature

by estimating the spillover effects of alleged corporate misconduct on product market peers. The

109



product market peer groups, identified from corporate disclosures based on a network approach,

are more informative and refined than the fixed industry code classifications (Hoberg and Phillips,

2010, 2016). This study also identifies and empirically tests the undermined credibility in the peer

firms as a channel for the spillover effects which extend beyond the stock market and are evident

in the private and public debt markets. Moreover, employing a staggered difference-in-differences

design, this study is able to present causal evidence of the spillover effects.

The paper proceeds as follows. Section 3.2 develops the hypotheses regarding the spillover

effects. Section 3.3 describes the data and sample. Section 3.4 and Section 3.5 analyze on the

spillover effects in equity and debt markets. Section 3.6 presents additional analyses. Section 3.7

concludes the paper.

3.2 Hypotheses Development

The allegation of corporate financial misconduct carries severe consequences for the accused firm.

A extensive body of literature has documented the economically large market value loss of firms

targeted by securities class actions lawsuits and Securities and Exchange Commission (SEC) en-

forcement actions (e.g., Dechow et al., 1996b; Karpoff et al., 2008b; Gande and Lewis, 2009). Gande

and Lewis (2009), for instance, find a notable -4.66% stock price reaction in the targeted firms dur-

ing the three-day window surrounding the filing of securities class action lawsuits, highlighting the

immediate financial impact of such allegations. Despite the clear detrimental effects of misconduct

revelation on the accused firms, a recent paper by Dyck et al. (2023) argues that financial fraud

is far from rare, estimating that 14.5% of large publicly traded companies engage in fraudulent

activities in a given year. The prevalence of potential misconduct suggests that detected miscon-

duct may only represent the tip of the iceberg, raising concerns about the widespread misconduct
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and thus undermining the trust in the financial market. The fragility of trust is further evidenced

by Giannetti and Wang (2016) who find that the revelation of corporate fraud discourages house-

hold participation in the stock market. This fragile trust environment sets the stage for potential

spillover effects when corporate misconduct is exposed in one firm, leading the market participants

to speculate about the prevalence of similar malpractices among the peer firms and reassess their

credibility. The notion that information revelation about one firm can alter investors’ perceptions

of the peer firms is consistent with the phenomenon of industry contagion that has been observed

in various contexts ranging from bankruptcy and law enforcement to accounting restatement (Lang

and Stulz, 1992; Gleason et al., 2008; Bittlingmayer and Hazlett, 2000). Given this background,

it is plausible to hypothesize that the revelation of misconduct in one firm could precipitate losses

in the market value of the peer firms. Therefore, the first hypothesis posited in this paper is as

follows:

H1: Following the revelation of financial misconduct in the accused firm, the share values of the

peer firms would experience a negative impact.

The first hypothesis seeks to examine the stock market repercussions in response to the reve-

lation of financial misconduct and explore the extent to which equity holders are sensitive to such

events. The impact of misconduct revelation in one firm, however, extends beyond equity mar-

kets, potentially raising red flags for debt holders as well. Graham et al. (2008) emphasize that

the information risk associated with corporate misreporting results in lenders demanding higher

interest rates and imposing stricter terms. Earlier discussions on fragile trust suggest that the

misconduct of the accused firm could also affect the lenders’ beliefs about the creditworthiness of

the peer firms. The uncertainty about the credibility of peers heightens the information asymmetry
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between debtors and creditors, translating into a higher cost of debt for the peer firms as the lenders

demand higher rate of interests to compensate for the perceived increase in credit risk. Building

upon this rationale, the second hypothesis of this paper posits a significant spillover effect in the

debt markets. Specifically, it hypothesizes that:

H2: Following the revelation of financial misconduct in the accused firm, the peer firms would

experience an increase in the cost of debt financing.

A premise of the preceding hypotheses is that the market value losses of the peer firms is a

result of diminished perceived credibility. If the channel for the spillover effects is undermined

credibility, then these effects would be heterogeneous among peer firms with different levels of

perceived credibility. Literature in law and accounting has emphasized the role of external auditors

as crucial gatekeepers in preventing financial misconduct (e.g., Bratton, 2001; Coffee, 2001). The

public would also accuse the auditor of malpractice when a client’s fraud is exposed. Auditors

involved in client misconduct could face severe consequences and even go out of business. Empirical

studies have documented the phenomenon of financial practices spillover between the client firms

that share the same auditor (Francis et al., 2014; Cao and Pham, 2021). Therefore, the concern

for the auditor’s reputation and independence amplifies the doubts regarding the financial integrity

of the peer firms sharing the same auditor with the accused client, as this subset of peer firms

have lower perceived credibility. Given that less credible firms are particularly susceptible to the

spillover effects of misconduct revelation, the next hypothesis is formulated as follows:

H3: Peer firms sharing the same external auditor as the accused firm are more impacted by the

revelation of financial misconduct.
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3.3 Data

3.3.1 Securities Class Action

A class action is a type of lawsuit where the plaintiff party represents a group of individuals. In

a securities class action lawsuit, the plaintiffs who have traded the target firm’s securities file a

complaint alleging that the target firm artificially inflated its share price through the disclosure

of false and misleading information and/or the omission of material facts. The complaint would

initiate the litigation process that has two potential outcomes. First, the court may dismiss the

case, taking into account the parties’ submissions and oral argument. Alternatively, a case may be

settled with financial restoration for the plaintiffs either through a voluntary settlement between

the parties or a court-ordered settlement.

The sample of alleged corporate financial misconduct is compiled from the Stanford Securities

Class Action Clearinghouse (SCAC). SCAC offers two pivotal advantages for investigating corporate

financial misconduct over the alternative databases in the settings of this study. Dyck et al. (2010b)

highlight the first advantage that the set of firms targeted by securities class action lawsuits is close

to the population of large public firms accused of wrongdoing, due to the incentive of law firms.

Specifically, in the wake of substantial share price declines of a publicly traded firm, the law firms

specialized in securities class action would start investigating for evidence to file a class action

lawsuit. Given that share prices invariably suffer a decline in response to the disclosure of financial

misconduct, it becomes highly unlikely for an instance of misconduct to be exposed without an

ensuing a class action lawsuit (Coffee, 1986). Thus, the incentive and proactive nature of law

firms ensure the inclusive coverage of misconduct instances in the securities class action database.

The second advantage is the precision with which the securities class action filing delineates the
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initial revelation date of the misconduct. The lawsuit filing requires the plaintiffs to specify a class

period—the time frame during which they allege to have been misled by the fraudulent activities

of the defendant firm. Thus, the conclusion of this class period typically aligns with the date on

which the misconduct was formally unveiled to the public. Using the class period’s end date as

a proxy for the initial revelation date captures the timing when the market first became aware

of the financial misconduct. Due to the gap between the initial revelation and lawsuit filing date

as a result of investigation and information dissemination following misconduct revelation, class

period’s end date also outperforms the lawsuits filing date in identifying the initial revelation of

the misconduct.

I obtain the 5222 closed securities class action lawsuits listed in the SCAC database as of August

2020. The sample focuses on the lawsuits filed after 1996, the year after the implementation of

the Private Securities Litigation Reform Act of 1995 that effectively reduced frivolous lawsuits

(Johnson et al., 2007). To identify relevant instances of alleged financial misconduct, the sample

undergoes several rounds of filtering. First, I exclude the lawsuits that were dismissed by the

court to avoid including cases of alleged misconduct that were not proven. Next, as the study is

specifically interested in financial statement and disclosure misconduct, I further refine the dataset

of lawsuits by examining the description of the cases. Only lawsuits invoking explicit anti-fraud

provisions, such as SEC Rule 10b-5, Sections 10(b), 13(a), and 13(b) of the Securities Exchange

Act of 1934, along with Section 17(a) of the Securities Act of 1933, are retained. Moreover, the

filtering is sharpened by selecting cases where the plaintiffs’ complaints explicitly allege financial

statement manipulations by noting terms including “false financial statement”, “artificially inflate”,

“overstate”, “false and misleading”, “misrepresent”, etc. Finally, lawsuits pertaining to initial public

offering frauds are removed. The set of firms with alleged misconducts are linked to Center for
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Research in Security Prices (CRSP) - Compustat merged database using the firm tickers.25 The

potential bias stemming from the unmatched cases is less of a concern in the setting of this paper

because that would only make it harder to observe significant results. To ensure the accuracy of the

dataset, the ticker matching results are manually examined and the firms without a corresponding

Global Company Key (gvkey) are then excluded. The final dataset consists of 1183 securities class

action lawsuits alleging corporate financial misconduct.

3.3.2 Firm-level Information

To identify the peer firms of the firms accused of financial misconduct, the study use the Text-based

Network Industry Classifications (TNIC) developed by Hoberg and Phillips (2010) and Hoberg and

Phillips (2016). This innovative peer group classification employs a textual analysis of the product

descriptions in the firms’ 10-K filings and adopts a firm-centric network approach to determine

product market peers. In a given year, the TNIC assigns a similarity score to each pair of firms,

allowing for the identification of a set of peers for firm A based on high pairwise similarity scores.

The cutoff point for similarity scores between firm A and its peers is determined such that the peer

group classification’s granularity is comparable to that of three-digit Standard Industrial Classifi-

cation (SIC) codes. Hoberg and Phillips (2010) and Hoberg and Phillips (2016) advocate for the

use of this peer group classification in research involving industry-level analysis, arguing that this

classification is more informative and sharply improved upon alternatives in explaining various firm

decisions. After identifying the peer firms through TNIC, these firms are merged with the dataset

of firms targeted by securities class actions and peer firms lacking a valid permno are excluded.

Given the study’s focus on how the event of misconduct revelation affects the peer firms, a “treat-
25The rate of matching—69.14% for all firms and 79.82% for U.S. firms—is consistent with prior studies such as

Gande and Lewis (2009)
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ment event” E of a peer firm is isolated to avoid confounding. The isolation involves ensuring that

there are no concurrent events one year before or one year after the event E, and that the peer

firm itself has not been accused of financial misconduct within the two-year window surrounding

event E. The procedure is implemented so that the spillover effects, if observed, are not due to the

negative information from the confounding event or the peer firm itself. Following these criteria,

the final sample includes 9180 peer firms and Table 3.1 shows the number of peer firms, treated by

events of misconduct revelation, across different years.

To delve into the spillover effects of misconduct revelation in the debt markets, I first obtain

the bank loan data from Loan Pricing Corporation’s DealScan database which is known for its

extensive coverage and reliable information on commercial loans. The loans, also referred to as

facilities in DealScan, are linked to the peer firms using the map provided by Dealscan-Compustat

Linking Data on Wharton Research Data Services (Chava and Roberts, 2008). This linking data

extends to loans originated up to August 2017 and this study extends the mapping through the

end of 2019 via a combination of fuzzing matching schemes and manual examination. The key

variable of interest in the DealScan data is the all-in spread drawn, which measures the amount

the borrower pays in basis points over LIBOR (or its equivalent) for each dollar drawn down.

The all-in spread drawn, inclusive of any annual or facility fees to the bank group, serves as a

proxy for the firm’s cost of debt financing, with higher loan spreads indicative of higher financing

cost. Additional loan features of interest include whether the loan is secured by collateral and

the number of covenants involved. To complement the analysis on debt markets, the study also

examines the corporate bond issues. Corporate bond data are sourced from the Mergent Fixed

Income Securities Database, which provides a comprehensive account of publicly offered bonds.

Here the main variable of interest is the treasury credit spread, which represents the difference
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in basis points between the yields of the corporate bond issue and its benchmark treasury bond.

Credit spread reflects the excess yield required by debt holders and is commonly used to measure the

credit risk. Other variables of interest are the bond issue’s credit rating and its covenants. Finally,

the firms’ financial and accounting data are obtained from the Center for Research in Security

Prices (CRSP) - Compustat merged database and Audit Analytics. The continuous variables are

winsorized at the 1% and 99% percentiles to mitigate influence of outliers. The summary statistics

are presented in Table 3.2. Detailed discussions on the construction of treated and clean control

groups are articulated in the subsequent section.

3.4 Spillover Effect in the Equity Market

In this section, I employ an event study approach to examine the first hypothesis concerning the

impact of financial misconduct revelation on the share prices of peer firms. The event in this

analysis refers to the public revelation of misconduct and the date of the event is defined as the

end date of the class period specified in the related securities class action lawsuit. The class period

represents the interval during which the plaintiffs allege to have been misled by the defendant firm.

The end of this class period typically aligns with the date on which the misconduct was revealed to

the public initially, marking a critical moment when the market first became aware of the financial

misconduct. Thus, this date captures the timing when market participants are likely to respond

to the new information, potentially leading to significant shifts in the market value of the accused

firm’s peers.
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3.4.1 Methodology

The event study methodology to gauge the share price reaction to the revelation of misconduct

involves calculating the cumulative abnormal returns of the peer firms during the 30-trading-day

event window. The abnormal returns are defined as the difference between the actual returns of

a stock and the expected return estimated from a well-established risk model. In this study, the

Fama-French-Carhart 4-factor model is used to estimate the expected returns (Fama and French,

1993; Carhart, 1997). Specifically, let the event date be t = 0; the model’s βs are estimated over a

100-trading-day estimation window defined as t = [−165,−65] relative to t = 0. The estimation of

the parameters requires that each firm has at least 70 non-missing returns during this estimation

window. The model’s βs are then used to calculate the expected return during the 30-trading-day

event window t = [−15, 15]. The 50-day gap between the end of the estimation window and the

start of the event window is imposed to avoid the potential contamination of the βs by information

leakage. In addition to the cumulative abnormal returns, the analysis also computes the buy-hold

abnormal returns for each peer firm j during the event window. The buy-hold abnormal returns

are calculated as follows:

BHARj =
∏

t∈event window
(1 +Rjt)−

∏
t∈event window

(1 +Rjt,FF4)

where Rjt is the realized return and Rjt,FF4 is the expected return.

3.4.2 Results

Figure 3.1 visualizes the cumulative abnormal returns (CAR) of the peer firms impacted by the

revelation of financial misconduct during the specified event window. This figure shows that in
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response to the revelation of misconduct, the peer firms of the accused firm suffer significantly

negative CAR. Intriguingly, the negative CAR is realized even before the event date, suggesting

the presence of information leakage which is not uncommon in the detection process of financial

misconducts. For example, the misconduct revelation timeline for the Constellation Energy Group

depicted in Figure 3.2 illustrates this point. Although the Company reported favorable financial

results and reaffirmed its earnings-per-share guidance of $5.25-$5.75 per share for the year in July

2008, questions about the Company’s accounting began to surface among analysts in August 2008.

The broader investors, however, were not fully aware of Constellation’s exposure to the Lehman

bankruptcy until Lehman’s bankruptcy filing on September 15, 2008. Thus, in this case, the class

period, as specified by the plaintiffs, ended on September 16, 2008 and a securities class action

lawsuit was filed shortly thereafter on September 22, 2008.

To further examine the third hypothesis regarding the heterogeneous effects on firms with

different level of credibility, I split the peer firms into two groups—peer firms sharing the same

external auditor as the accused firm and peer firms that employ different auditors. The rationale

for the sample split stems from the recognized importance of auditor as gatekeeper in preventing

misconduct (Bratton, 2001; Coffee, 2001) and the documented phenomenon of practices spillover

among the client firms with the same auditor (Francis et al., 2014; Cao and Pham, 2021). Therefore,

the peer firms sharing the same auditor with the accused client could be perceived as less credible

due to the concerns over the auditor’s reputation and independence. Figure 3.3 and Figure 3.4

present and compare the CARs of the peer firms with the same and different auditors against the

overall sample of peer firms. Figure 3.3 shows that peer firms with the same auditor as the accused

firm are more adversely impacted, exhibiting over 4% negative CAR during the event window.

Conversely, figure 3.4 shows that the CAR for peer firms with different auditors exceeds that of
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the entire sample, highlighting a stark contrast in the market value impact between less and more

credible peer firms. In addition to the figures, the numerical results from the event studies are

presented in Table 3.3. The results reinforce the observations from the figures. Panel A of Table

3.3 shows that on average, the peer firms experience a negative CAR of -2.73% within the event

window, while the peer firms that employ the same auditor suffer a larger negative CAR of -4.3%.

The buy-hold abnormal returns (BHARs) in Panel B show similar results but are even larger in

magnitude. The negative CARs and BHARs are statistically significant for both the mean and

median returns.

In summary, the event studies provide empirical evidence that in reaction to the revelation of

misconduct in the accused firm, the share prices of the peer firms experience significantly negative

abnormal returns, supporting the first hypothesis and suggesting that negative spillover effect exists

in the context of misconduct revelation. The findings also indicate that peer firms with the same

auditor as the accused firm exhibit more negative CAR, consistent with the third hypothesis and

suggesting that firms perceived as less credible are particularly susceptible to the spillover effect.

3.5 Spillover Effect in the Debt Market

The previous section have documented market value loss for the peer firms following the revelation

of misconduct in the accused firm. While the stock market consequences of negative information

are the focus of most extant literature on spillover effect, the perspective of equity holders is not

necessarily aligned with that of the debt holders due to the different features of their rights and

claims. Research have pointed out the different economic nature of the risk and reward that equity

holders and debt holders face (Kanda, 1992; Holthausen and Watts, 2001; Givoly et al., 2017). For

example, Givoly et al. (2017) suggest that while equity investors are primarily interested in the
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growth opportunity, debt holders are more concerned with downside risk, and thus the sensitivity

to information differs for debt and equity holders. Therefore, the findings in the equity markets

may not be straightforwardly extended to the debt markets as misconduct revelation may have

different implications for the two types of investors. Holthausen and Watts (2001) also recognize

the importance of extending value relevance research to creditors. In this section, I explore the

debt market consequences for the peer firms and test the hypothesis regarding the impact on peer

firms’ cost of debt financing, using a staggered difference-in-differences design that leverages the

advantage of multiple treatment events. The treatment event refers to the revelation of financial

misconduct and the treated firms are the peer firms of the accused firm.

3.5.1 Methodology

To conduct robust inference from staggered difference-in-differences (DID), I adopt a Stacked Re-

gression Estimator as suggested by Gormley and Matsa (2011) and Baker et al. (2021). This

approach estimates the treatment effect from comparing treated firms with a set of “clean con-

trols”. Following Gormley and Matsa (2011)’s methodology, for each treatment event, restricting

to a small (2-year) window around that event, the control firms are selected from the same Fama-

French 48 industries as the treated firms but are not the product market peer firms of the accused

firm. Importantly, the control firms involved in another event within this window treated are ex-

cluded to ensure the “cleanliness” of the control group. The procedure creates an event sample,

or a “cohort” by Gormley and Matsa (2011), that only consists of the treated firms and clean

controls. These cohorts for all treatment events are then stacked into one large dataset. Finally,
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the empirical model deployed is as follows:

yijtc = β(Treatedijtc × Postijtc) + δjc + γtc + αic + ϵijtc (5)

where yijtc is the outcome variable of interest for firm i in industry j, year t and cohort c; β

captures the treatment effect; δjc, γtc and αic are industry-cohort, year-cohort and firm-cohort

fixed effects. The standard errors are clustered at firm and industry level to account for potential

correlation within firms and industries. Following Gormley and Matsa (2011) and Baker et al.

(2021), the model excludes other control variables to avoid the “bad control” issue in staggered

DID design where endogenous controls would bias the inference. This staggered DID design offers

dual advantages. First, it mitigates the concerns about parallel trends assumption because of the

use of multiple events. One need to come up with endogeneity scenario as to why parallel trend

is violated for each treatment event, which is highly unlikely. Second, because of the rich set of

events, the treatment effect, if observed, is unlikely to be driven by a particular subset of treated

firms.

3.5.2 Results: Loan Market

To analyze the spillover effect in loan market, this study begin by investigating how the revelation

of misconduct affects the spread of the loans issued to the peer firms of the accused firm. The loan

spread, defined as the premium in basis points over a benchmark interest rate such as LIBOR or its

equivalent, is a common measure of the cost of debt financing. The dependent variable in the first

analysis is the natural log of the all-in loan spread drawn. The results are presented in Table 3.4.

The results show that following the revelation of misconduct in the accused firm, the loans issued
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to peer firms incur significantly higher spreads. Depending on the specifications, the estimates in

Table 3.4 indicate that after the market learns the misconduct, the loans issued to the treated firm

have 4% to 6% higher spread compared to those issued to the control firms. Notably, the effect

is more pronounced among the conceivably less credible firms. As reported in Column 5, the loan

spreads are 11% significantly higher for the peer firms that have the same auditor with the accused

firm compared with control firms with the same auditor. In contrast, for peer firms with different

auditors, the treatment effect on loan spreads is statistically indistinguishable from zero.

Beyond the pricing of the loans, I also examine the non-pricing features of a loan contract, which

also reflect the cost of debt funding. One such feature is the security of the loans, determined by

whether the loan is secured by collateral. Firm taking out a secured loans has to back up the loan

with some form of collateral such as the firm’s property or business-related equipment. As a result,

a secured loan allocates the burden of risk on the borrowers. Table 3.5 reports the results from

the staggered DID model where the dependent variable is a loan security dummy that equals one

if the loan is secured by collateral. Table 3.5 shows that loans issued to the peer firms with the

same auditor as the accused firm are 6% to 7% more likely to be secured following the misconduct

revelation. However, this effect on loan security is not significant among the peer firms with different

auditors or across the entire sample of peer firms. The analysis also reviews the prevalence of

covenants in the loan contracts. Loan covenants are the contract terms that set restrictive rules

on the borrower, such as maintaining a certain level of liquidity. Covenant violation can lead to

severe consequences including declaration of default or immediate full repayment. Results on the

number of covenants associated with a loan are shown in Table 3.6, indicating that the intensity of

covenants is barely affected by the peer firm’s misconduct revelation.
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3.5.3 Results: Bond Market

Analogous to loan, bond also provides creditors with the claims on the interest payment and

principal. However, the fundamental difference between loan and bond centers on the lenders’

monitoring—firms issuing bond borrow directly from investor with little monitoring, whereas banks

as lenders are delegated to monitor private information (Diamond, 1991). The difference in monitor-

ing intensity can influence a firm’s choice between these two financing options, as Diamond (1991)

demonstrates that firms self-select to choose loan or bond financing over the other. The strategic

choice between loans and bonds are also demonstrated by Chemmanur and Fulghieri (1994) and

Morellec et al. (2015). Therefore, to complement the preceding analysis of the loan market, this

subsection explores the spillover effect of misconduct revelations in the bond market to capture a

fuller picture of the repercussions in debt markets.

First, I focus on the treasury credit spread of the bond issues as the direct measure of the cost

of bond financing. Treasury credit spread is defined as the difference in basis points between the

yields of the bond issue and its benchmark treasury bond. The credit spread represents the excess

yield required by debt investors and thus reflects the market assessment of the firm’s credit risk.

Using the staggered DID model with the natural log of the treasury credit spread as the dependent

variable, the results are presented in Table 3.7. As shown in the table, the credit spread of the

bond issues from the peer firms increases by 9% to 11% following the revelation of misconduct

in the accused firm. This impact is even more pronounced for the peer firms that employ the

same auditor as the accused firm, where the credit spread surges by 14% to 15% for these peer

firms. In sharp contrast, no significant effect is observed for the peer firms with different auditors.

In addition to credit spreads, I also examine the credit ratings assigned to the bond issues to
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determine whether rating agencies deem structural changes in the firm’s ability to meet financial

commitment. Table 3.8 presents the results where the dependent variable is the investment grade

dummy that equals one if the bond issue is rated as investment grade by S&P Global Ratings.

We observe that the bond issues from the peer firms are not associated with lower credit ratings,

though these corporate bonds have heightened credit spread. Lastly, the analysis extends to the

number of restrictive covenants in the bond issues. Bond covenants, similar to loan covenants,

restrict the firm’s activities to protect the creditors. The results, shown in Table 3.9, indicate a

significant increase in the number of restrictive covenants for bonds issued by peer firms sharing

the same auditor as the accused after the event. Specifically, Column 2 and 5 of Table 3.9 report

that the number of covenants in these bond issues exhibits an average increase of 0.34 - 0.35, which

amounts to a quarter of the standard deviation of the number of covenants. Conversely, the effects

are insignificant for the peer firms with different auditors.

In summary, the analyses of loans and bonds supports the hypothesis that the revelation of

misconduct in the accused firm increases the cost of debt financing borne by the peer firms, as

indicated by higher loan and credit spread. The peer firms deemed as less credible are particularly

impacted. These findings are consistent with the notion that creditors reassess the creditworthi-

ness of the peer firms, demanding higher interest rate from them and imposing more collateral

requirement and restrictions on those perceived as less credible.
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3.6 Additional Analyses

3.6.1 Actions Restoring Credibility

The aftermath of financial misconduct revelations often compels accused firms to undertake mea-

sures to rebuild their damaged reputations and restore credibility in the eyes of investors. For

example, Wilson (2008) finds that misreporting firms that replace their auditors or executives

recover their credibility effectively, signaling to the market a commitment to financial integrity.

Additionally, firms can address their internal control weaknesses to rebuild reputation (Chava et al.,

2018). These remedial actions are not only crucial for the accused firm but may also be undertaken

by the peer firms. The peer firms, which are not directly accused but suffer negative spillover ef-

fects, may also feel compelled to take proactive steps to demonstrate their commitment to financial

integrity. This section first explores how the peer firms respond to misconduct revelation in terms

of credibility-rebuilding actions.

The findings in the previous sections suggest that peer firms that employ the same auditor

as the accused firm are more impacted due to perceived lower credibility. Given the heightened

skepticism, these firms may consider replacing their external auditors to distance themselves from

the accused firm and restore their credibility in the market. To empirically examine the auditor

turnover in the peer firms, I estimate the staggered DID model and present the results in Table 3.10.

The results indicate that peer firms sharing the same auditor as the accused firm are significantly

more likely to replace their auditors following the misconduct revelation, consistent with peer firms

undertaking preemptive action to dissociate from the accused firm. The effect on auditor turnover

is also significant for peer firms with different auditors, but the statistical significance is halved

and the economic magnitude is reduced by a factor of five. Further, I turn the focus to internal
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control weaknesses of the peer firms. The Sarbanes Oxley Act mandates the disclosure of internal

control weaknesses.26 By definition, internal control weaknesses could potentially facilitate the

commitment of financial misconduct and deter the detection of such misconduct. Therefore, peer

firms may address and rectify their internal control weaknesses to regain the trust of investors.

Table 3.11 reports the results on the impact of misconduct revelation on the number of internal

control weaknesses. The coefficient on the difference-in-differences term indicates that after the

event, the peer firms report fewer internal control weakness on average but this reduction is not

statistically significant.

3.6.2 Allegation of Misconduct in the Future

The study has shown that the market’s reactions to misconduct revelation often extends beyond

the accused firm, also affecting the product market peer firms. This significant impacts on the peer

firms raises the question of whether such reactions are based on rational expectations of future

misconduct revelation among these peer firms. If peer firms are indeed more likely to be accused

of financial misconduct subsequently, it would suggest that the market’s negative reactions are not

only justified but prescient. Conversely, a lack of increased incidence of misconduct among these

peers would indicate that market reactions may be overly punitive and driven by sentiment rather

than rationality. Table 3.12 shows the results from an empirical analysis on whether peer firms

are statistically more likely to face allegations of financial misconduct in the next four years. The

evidence indicates that the peer firms are indeed at a heightened risk of being implicated in financial

misconduct in the future. The estimated coefficients of interest are statistically significant across all
26Public Company Accounting Oversight Board’s Auditing Standards define a material weakness as “a deficiency,

or a combination of deficiencies, in internal control over financial reporting, such that there is a reasonable possibility
that a material misstatement of the company’s annual or interim financial statements will not be prevented or detected
on a timely basis”. (See, https://pcaobus.org/oversight/standards/auditing-standards/details/AS2201)
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specifications for the aggregate group of peer firms and groups with the same and different auditors.

Interestingly, the estimated coefficients for peer firms with the same auditor are less in magnitude,

which may reflect the effectiveness of their proactive measures to enhance credibility as shown

earlier. Overall, the results suggest that market’s negative reactions are not merely irrational

responses but derived from the rational expectations of potential future misconduct revelation,

consistent with the concept of partial anticipation in Gande and Lewis (2009).

3.7 Conclusion

A substantial body of literature has documented the significant loss in market value of firms involved

in financial misconduct when such misconduct are exposed to the public. However, the studies

exploring the spillover effect of financial misconduct remain relatively scarce. Using an inclusive

sample of alleged financial misconduct, I find that spillover effect on the product market peer firms

exists in both equity and debt markets following the revelation of misconduct. In the equity market,

the peer firms of the accused firm suffer significant negative cumulative abnormal returns in share

prices. In the debt markets, both loans and bonds of the peer firms have significantly higher spread

over the benchmark risk-free rate after the misconduct revelation. Notably, peer firms that employ

the same auditor as the accused firm are particularly susceptible to the spillover effects since they

are perceived as less credible. These peer firms not only experience even lower cumulative abnormal

returns in the equity market but also face stricter terms imposed by creditors including collateral

requirement and restrictive covenants. In view of the lower perceived credibility, the peer firms

are more likely to replace their auditors to distance themselves from any taint associated with the

accused firm and to regain trust from investors. The findings are consistent with the notion that

financial misconduct erodes the trust in the capital markets, leading market participants to reassess
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the credibility of the non-accused peer firms. The market’s negative response and reassessment

are not impulsive but based on the rational expectations of potential future misconduct revelation

among the peer firms. This study contributes to the discussions on estimating the costs of corporate

misconduct in two aspects. First, in the context of securities class action lawsuits, determining the

appropriate amount of penalties and settlement requires properly estimated damages. In such

lawsuits, the settlement is typically determined by three factors—the length of class period, the

extent of share price inflation due to misconduct and shareholders’ trading activities during the

class period (Finnerty and Goswami, 2006). The findings from this study suggest considering

spillover effects to ensure a more accurate representation of damages. Second, properly estimating

the broader costs incurred by corporate misconduct is crucial for regulatory agencies conducting

the cost-benefit analysis in policy making. This study suggests the inclusion of spillover effects in

policy analysis to avoid underestimating the true costs of such misconduct.
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Figures

Figure 3.1: Cumulative Abnormal Returns.
This figure visualizes the cumulative abnormal returns experienced by the peer firms of the accused
firms during the event window. The band below and above the solid line represents the 95%
confidence interval of the point estimates.

130



Figure 3.2: Revelation Timeline.
This figure shows a shows the timeline for misconduct revelation in the Constellation Energy Group
in 2008.

131



Figure 3.3: Cumulative Abnormal Returns (Same Auditor Group).
This figure visualizes the cumulative abnormal returns experienced by all peer firms of the accused
firms, and the peer firms with the same auditor as the accused firm during the event window. The
band below and above the solid line represents the 95% confidence interval of the point estimates.
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Figure 3.4: Cumulative Abnormal Returns (Different Auditor Group).
This figure visualizes the cumulative abnormal returns experienced by all peer firms of the accused
firms, and the peer firms with different auditor than the accused firm during the event window. The
band below and above the solid line represents the 95% confidence interval of the point estimates.
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Tables

Table 3.1: Number of (Treated) Peer Firms.

This table shows the number of peer firms affected by the revelation of financial misconduct of the
accused firm.

Year # Peer Firms (Treated) Year # Peer Firms (Treated)
1995 199 2008 298
1996 758 2009 215
1997 652 2010 285
1998 569 2011 211
1999 455 2012 294
2000 885 2013 381
2001 195 2014 236
2002 415 2015 255
2003 189 2016 231
2004 386 2017 287
2005 457 2018 243
2006 454 2019 285
2007 345
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Table 3.2: Descriptive Statistics.

This table presents the mean values of key variables for treated and clean-control firms before and
after the event of misconduct revelation, with standard deviations displayed in parentheses below
the means.

Treated Group Clean Control Group
Pre-period Post-period Pre-period Post-period

Mean (SD) N Mean (SD) N Mean (SD) N Mean (SD) N
Loan Spread 4.9042 1909 4.9306 1901 4.9734 24002 4.9915 23901

(0.8759) (0.8443) (0.9231) (0.8972)
Loan Security 0.6348 1424 0.6753 1398 0.6351 20271 0.6487 20059

(0.4816) (0.4684) (0.4814) (0.4774)
Loan Covenants 2.2141 1065 2.1976 1002 2.3006 10834 2.3356 10907

(1.0456) (0.9654) (1.0134) (1.0707)
Credit Spread 5.1137 709 5.1320 664 4.8941 4190 4.8693 3772

(0.8143) (0.6761) (0.8208) (0.7238)
Credit Ratings 0.6214 692 0.6651 648 0.7084 4088 0.7464 3644

(0.4854) (0.4723) (0.4545) (0.4351)
Bond Covenants 3.6703 558 3.8679 545 3.1553 3040 3.3101 3093

(1.3725) (1.4015) (1.5468) (1.4856)
ICW 0.1819 2138 0.1445 2131 0.3619 77056 0.352 76874

(0.9704) (0.7378) (1.1547) (1.1109)
Litigious Words 0.0115 2784 0.0116 3081 0.0107 91643 0.0110 91583

(0.0050) (0.0050) (0.0049) (0.0050)
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Table 3.3: Event Studies.

This table shows the results from event studies around the revelation of financial misconduct. Panel
A presents the cumulative abnormal returns (CAR) for the peer firms and Panel B presents the
buy-hold abnormal returns (BHAR). t-statistics are presented in the parentheses. Significance at
the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

Panel A: CAR
All Peer Firms Peer Firms (Same Auditor) Peer Firms (Different Auditor)

Mean -2.727*** -4.300*** -2.430***
(-10.399) (-6.761) (-8.415)

Median -1.498*** -2.016*** -1.394***
(-8.480) (-4.894) (-6.993)

Observations 8429 1536 6924

Panel B: BHAR
All Peer Firms Peer Firms (Same Auditor) Peer Firms (Different Auditor)

Mean -4.109*** -5.403*** -3.903***
(-14.931) (-9.012) (-12.60)

Median -2.385*** -2.989*** -2.280***
(-13.194) (-7.341) (-11.412)

Observations 8429 1536 6924
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Table 3.4: Loan Spread.

This table shows the results from estimating the staggered DID model with the natural log of
loan spread as the dependent variable. Treated is the treatment indicator that equals one for
peer firms of the accused firm and Post is the post-treatment period dummy that equals one after
the revelation of misconduct in the accused firm. The first three columns control for firm-cohort,
year-cohort and industry-cohort fixed effects. The last three columns additionally control for loan
type-cohort and loan purpose-cohort fixed effects. t-statistics are presented in the parentheses.
Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

(Diff Auditors) All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

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

Treated*Post 0.061*** 0.094** 0.045* 0.042** 0.113*** 0.020
(2.930) (2.302) (1.945) (2.206) (2.917) (1.024)

Firm-cohort FE Yes Yes Yes Yes Yes Yes
Year-cohort FE Yes Yes Yes Yes Yes Yes
Industry-cohort FE Yes Yes Yes Yes Yes Yes
Loan Type-cohort FE No No No Yes Yes Yes
Loan Purpose-cohort FE No No No Yes Yes Yes
Observations 51,713 11,428 40,285 51,713 11,428 40,285
R2 0.863 0.866 0.868 0.916 0.941 0.922
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Table 3.5: Loan Security.

This table shows the results from estimating the staggered DID model with the dependent variable
being the loan security dummy that equals one if the loan is secured by collateral. Treated is the
treatment indicator that equals one for peer firms of the accused firm and Post is the post-treatment
period dummy that equals one after the revelation of misconduct in the accused firm. The first
three columns control for firm-cohort, year-cohort and industry-cohort fixed effects. The last three
columns additionally control for loan type-cohort and loan purpose-cohort fixed effects. t-statistics
are presented in the parentheses. Significance at the 10%, 5%, and 1% level is indicated by *, **,
and ***, respectively.

All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

(Diff Auditors) All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

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

Treated*Post 0.029 0.070** 0.011 0.017 0.057** −0.001
(1.435) (2.576) (0.459) (1.011) (2.499) (-0.079)

Firm-cohort FE Yes Yes Yes Yes Yes Yes
Year-cohort FE Yes Yes Yes Yes Yes Yes
Industry-cohort FE Yes Yes Yes Yes Yes Yes
Loan Type-cohort FE No No No Yes Yes Yes
Loan Purpose-cohort FE No No No Yes Yes Yes
Observations 43,152 8,419 34,733 43,152 8,419 34,733
R2 0.864 0.861 0.871 0.919 0.939 0.929
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Table 3.6: Loan Covenant.

This table shows the results from estimating the staggered DID model with the number of loan
covenants as the dependent variable. Treated is the treatment indicator that equals one for peer
firms of the accused firm and Post is the post-treatment period dummy that equals one after the
revelation of misconduct in the accused firm. The first three columns control for firm-cohort,
year-cohort and industry-cohort fixed effects. The last three columns additionally control for loan
type-cohort and loan purpose-cohort fixed effects. t-statistics are presented in the parentheses.
Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

(Diff Auditors) All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

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

Treated*Post −0.006 −0.183 0.031 −0.022 −0.064 −0.023
(-0.111) (-1.450) (0.485) (-0.365) (-0.562) (-0.302)

Firm-cohort FE Yes Yes Yes Yes Yes Yes
Year-cohort FE Yes Yes Yes Yes Yes Yes
Industry-cohort FE Yes Yes Yes Yes Yes Yes
Loan Type-cohort FE No No No Yes Yes Yes
Loan Purpose-cohort FE No No No Yes Yes Yes
Observations 23,808 5,298 18,510 23,808 5,298 18,510
R2 0.882 0.896 0.887 0.928 0.958 0.934
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Table 3.7: Bond Credit Spread.

This table shows the results from estimating the staggered DID model with the natural log of
treasury credit spread as the dependent variable. Treated is the treatment indicator that equals
one for peer firms of the accused firm and Post is the post-treatment period dummy that equals
one after the revelation of misconduct in the accused firm. The first three columns control for
firm-cohort, year-cohort and industry-cohort fixed effects. The last three columns additionally
control for bond type-cohort and security level-cohort fixed effects. t-statistics are presented in the
parentheses. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

(Diff Auditors) All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

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

Treated*Post 0.112** 0.148** 0.058 0.088** 0.142* 0.032
(2.448) (2.047) (0.920) (2.162) (1.791) (0.558)

Firm-cohort FE Yes Yes Yes Yes Yes Yes
Year-cohort FE Yes Yes Yes Yes Yes Yes
Industry-cohort FE Yes Yes Yes Yes Yes Yes
Bond Type-cohort FE No No No Yes Yes Yes
Security Level-cohort FE No No No Yes Yes Yes
Observations 9,335 2,189 7,146 9,335 2,189 7,146
R2 0.840 0.848 0.844 0.860 0.866 0.864
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Table 3.8: Bond Credit Rating.

This table shows the results from estimating the staggered DID model with the dependent variable
being the investment grade dummy that equals one if the bond issue is rated by S&P Global
Ratings as BBB or higher. Treated is the treatment indicator that equals one for peer firms of the
accused firm and Post is the post-treatment period dummy that equals one after the revelation of
misconduct in the accused firm. The first three columns control for firm-cohort, year-cohort and
industry-cohort fixed effects. The last three columns additionally control for bond type-cohort and
security level-cohort fixed effects. t-statistics are presented in the parentheses. Significance at the
10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

(Diff Auditors) All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

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

Treated*Post 0.008 0.007 0.010 0.017 −0.004 0.025
(0.395) (0.885) (0.400) (0.847) (-1.576) (0.990)

Firm-cohort FE Yes Yes Yes Yes Yes Yes
Year-cohort FE Yes Yes Yes Yes Yes Yes
Industry-cohort FE Yes Yes Yes Yes Yes Yes
Bond Type-cohort FE No No No Yes Yes Yes
Security Level-cohort FE No No No Yes Yes Yes
Observations 9,072 2,143 6,929 9,072 2,143 6,929
R2 0.968 0.965 0.972 0.973 0.975 0.976
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Table 3.9: Bond Covenant.

This table shows the results from estimating the staggered DID model with the number of restrictive
bond covenants as the dependent variable. Treated is the treatment indicator that equals one for
peer firms of the accused firm and Post is the post-treatment period dummy that equals one after
the revelation of misconduct in the accused firm. The first three columns control for firm-cohort,
year-cohort and industry-cohort fixed effects. The last three columns additionally control for bond
type-cohort and security level-cohort fixed effects. t-statistics are presented in the parentheses.
Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

(Diff Auditors) All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

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

Treated*Post 0.046 0.351** −0.014 0.069 0.339** 0.016
(0.470) (2.080) (-0.148) (0.692) (2.097) (0.165)

Firm-cohort FE Yes Yes Yes Yes Yes Yes
Year-cohort FE Yes Yes Yes Yes Yes Yes
Industry-cohort FE Yes Yes Yes Yes Yes Yes
Bond Type-cohort FE No No No Yes Yes Yes
Security Level-cohort FE No No No Yes Yes Yes
Observations 7,236 1,655 5,581 7,236 1,655 5,581
R2 0.916 0.945 0.917 0.920 0.947 0.921
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Table 3.10: Auditor Turnover.

This table shows the results from estimating the staggered DID model with the dependent variable
being the auditor turnover dummy that equals one if the peer firm change its external auditor.
Treated is the treatment indicator that equals one for peer firms of the accused firm and Post is
the post-treatment period dummy that equals one after the revelation of misconduct in the accused
firm. t-statistics are presented in the parentheses. Significance at the 10%, 5%, and 1% level is
indicated by *, **, and ***, respectively.

All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

(Diff Auditors)
(1) (2) (3)

Treated*Post 0.001 0.044*** 0.009*
(0.342) (3.906) (1.684)

Firm-cohort FE Yes Yes Yes
Year-cohort FE Yes Yes Yes
Industry-cohort FE Yes Yes Yes
Observations 765,812 93,346 672,466
R2 0.582 0.797 0.624
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Table 3.11: Internal Control Weakness.

This table shows the results from estimating the staggered DID model where the dependent variable
is the number of internal control weaknesses. Treated is the treatment indicator that equals one
for peer firms of the accused firm and Post is the post-treatment period dummy that equals one
after the revelation of misconduct in the accused firm. t-statistics are presented in the parentheses.
Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

(Diff Auditors)
(1) (2) (3)

Treated*Post −0.026 −0.019 −0.030
(-1.449) (-0.776) (-1.232)

Firm-cohort FE Yes Yes Yes
Year-cohort FE Yes Yes Yes
Industry-cohort FE Yes Yes Yes
Observations 158,199 26,281 131,918
R2 0.829 0.837 0.837
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Table 3.12: Misconduct in the Future.

This table shows the results from estimating Probit models on whether the peer firms face allega-
tions of financial misconduct in the next four years. Treated is the treatment indicator that equals
one for peer firms of the accused firm. z-statistics are presented in the parentheses. Significance at
the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

(Diff Auditors) All Peer Firms
Peer Firms

(Same Auditors)
Peer Firms

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

Treated 0.209*** 0.127* 0.220*** 0.220*** 0.170** 0.232***
(6.28) (1.67) (5.94) (6.25) (2.04) (5.87)

Cohort FE No No No Yes Yes Yes
Industry FE No No No Yes Yes Yes
Observations 879,144 104,092 775,052 839,295 82,320 737,075
Pseudo R2 0.0004 0.0002 0.0004 0.107 0.066 0.121
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