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Abstract 
 

 

In this paper, I examine liquidity spillover in the corporate bond 

market. Using regulation-induced selling pressure in the corporate 

bond market following a rating downgrade from investment grade to 

high yield, I document that a liquidity shock to downgraded bonds spills 

over to their peer bonds that are issued by firms with small size, a 

small number of outstanding bonds, a high volatility of fundamentals, 

and a small number of economically related peer bonds. Liquidity 

spillover is also concentrated in peer bonds that show a higher degree 

of learning, as indicated by a high correlation between trading volume 

and return volatility. The empirical evidence supports the cross-asset 

learning hypothesis, suggesting that liquidity contagion from one asset 

to others can arise through information learning across assets. 
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Chapter 1. Introduction 

 

Market liquidity of an asset is time-varying and a substantial level of 

co-movement in liquidity across different assets is observed in most 

financial markets①. While there is an extensive literature studying the 

sources of liquidity commonality, prior research has mostly focused 

on common factors that affect liquidity of multiple assets 

simultaneously, such as funding constraints of dealers (Kyle and Xiong 

(2001), Brunnermeier and Pedersen (2009), and Hameed et al. (2010)) 

or correlated liquidity demands (Kamara et al. (2008), Karolyi et al. 

(2012), and Koch et al. (2016)). Another possible source of liquidity 

commonality, as pointed out by Cespa and Foucault (2014), is 

transmission of a liquidity shock from one asset to another. While 

liquidity spillover could be an important mechanism leading to strong 

co-movement in liquidity over and above what could be explained by 

common factors, the mechanism of liquidity spillover has not received 

much attention in the literature, particularly on the empirical side. A 

recent paper by Honkanen and Schmidt (2022) documents that an 

exogenous liquidity shock to an asset spills over to its peer with 

correlated fundamentals and investigates the channels through which 

the spillover occurs. However, their study is focused solely on the 

stock market and our understanding of liquidity spillover in other asset 

 
① The concept and phenomenon of liquidity commonality in the stock market were 

initially suggested by Chordia et al. (2000). In the corporate bond market, Bao et al. 

(2011) provide empirical evidence of co-movement in liquidity across bonds. 

Similarly, Karnaukh et al. (2015) study liquidity commonality in the FX market. 
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classes remains limited. 

This paper empirically studies how a liquidity shock to one asset 

propagates to other assets in the corporate bond market. In particular, 

by investigating the characteristics of the bonds that experience 

stronger spillover effects, I aim to understand the sources of illiquidity 

contagion across assets. By examining the liquidity shock on bonds 

caused by regulation-induced selling pressure, I find that a liquidity 

shock to downgraded bonds spills over to the peer bonds issued by 

small firms, firms that have a small number of bonds outstanding, and 

firms with a high volatility of fundamentals. The spillover effect is also 

concentrated on bonds that have a small number of economically 

related peer bonds and bonds that exhibit a high correlation between 

trading volume and return volatility. 

The empirical evidence suggests that liquidity spillover is related 

to firm characteristics that indicate weak information environment and 

high information uncertainty, implying that information learning is a 

potential channel driving liquidity spillover across assets. A theoretical 

model by Cespa and Foucault (2014) explains how liquidity contagion 

can arise as a result of information learning across assets (“cross-

asset learning”). Under the cross-asset learning framework, dealers 

of one asset, X, extract information about the asset from the price 

movements of another asset, Y, which has correlated fundamentals 

with asset X. When asset Y faces an exogenous liquidity shock, the 

informational efficiency of asset Y drops and the price of Y becomes 

a noisier signal for dealers in asset X. As a result, the increased 

uncertainty caused by the noisy signal from the price of Y leads to 
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higher costs of liquidity provision for dealers in asset X. This 

mechanism triggers liquidity spillover, that is, an idiosyncratic shock 

in the liquidity of one asset may spill over to the liquidity of another 

asset if the assets are connected through cross-asset learning. 

In this paper I exploit the negative liquidity shock on a bond 

following a credit rating downgrade from investment grade to high 

yield, to test how the initial shock on a bond propagates to other bonds. 

The downgraded bond experiences an idiosyncratic shock in liquidity, 

providing an opportunity to study spillover effects to its peers. 

Insurance companies are among the major holders of corporate bonds 

in the US and their collective demand could have a significant impact 

on the bond market. A credit rating downgrade of a bond from 

investment grade to high yield is a notable example, as it triggers 

regulation-induced selling by insurance companies (Ellul et al. (2011) 

and He et al. (2022)). According to Ellul et al. (2011), insurance 

companies sell the downgraded bonds because of regulations or 

internal policies that prohibit holding of non-investment grade bonds, 

or due to capital constraints, because the capital requirement for high 

yield bonds is substantially higher than that for investment grade 

bonds. 

A potential concern with using rating downgrade events for 

identification is that these events may contain negative information 

that is common to multiple assets. Generally, when aggregate market 

conditions or common factors simultaneously affect the liquidity of 

multiple assets, it is difficult to trace the transmission of a liquidity 

shock from one asset to others. If rating downgrade events contain 
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negative information about economic fundamentals common to multiple 

firms, it may impact the liquidity of affected bonds simultaneously due 

to fundamental-driven selling pressure. As a result, evidence of 

liquidity spillover could be confounded by co-movements in liquidity 

driven by common factors. 

To address this issue, I adopt the approach of Ellul et al. (2011) 

and focus only on downgraded bonds whose issuer's stock returns are 

not significantly different from zero in the event month. A significant 

change in stock prices suggests that the rating event conveyed new 

information related to economic fundamentals to the market. By 

excluding such events, I filter out downgrade events with information 

content that may impact multiple bonds simultaneously. By adopting 

this approach, a rating downgrade event serves as an idiosyncratic 

liquidity shock on the downgraded bonds, presenting a unique 

opportunity to examine how the liquidity shock is transmitted to other 

assets. 

Using the US corporate bond transaction data and rating 

downgrade events over the period 2002-2017, I examine how the 

liquidity of economically related peer bonds of downgraded bonds 

evolves in the post-event period. In particular, I test whether the 

reduced liquidity and informational efficiency of the downgraded bonds 

lead to lower liquidity of their peer bonds. Using the bond data 

obtained from the enhanced Trade Reporting and Compliance Engine 

(TRACE) database, I measure the (il)liquidity of each bond in each 

month using the Amihud (2002) illiquidity measure. Economically 

related peers are identified based on the text-based network industry 
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classification (TNIC) method proposed by Hoberg and Phillips (2010); 

Hoberg and Phillips (2016). 

I divide the sample based on various firm characteristics to 

understand the channels of liquidity spillover and find that the spillover 

effect is associated with information-related characteristics, which is 

consistent with the cross-asset learning channel. Honkanen and 

Schmidt (2022) highlight that stocks that rely more on learning from 

prices of other stocks are more vulnerable to the spillover effect of 

liquidity shocks under the cross-asset learning channel. According to 

them, firms that require investors to condition heavily on price signals 

could be characterized by a weak information environment, high 

uncertainty about fundamentals, and a limited number of economically 

related peers to learn information from. Similarly, I find that the 

spillover effect is stronger for peer bonds issued by small firms and 

firms with a small number of outstanding bonds, which proxy for a 

weak information environment. I also find that liquidity spillover is 

concentrated on bonds issued by firms with high uncertainty in 

fundamentals, measured by volatility of cashflow and volatility of 

return on assets. The spillover of a liquidity shock is also concentrated 

in bonds that have a small number of peer bonds, which indicates a 

limited number of economically related assets to learn information 

from. Furthermore, I find that the spillover effect is stronger in the 

group of bonds with a high correlation between trading volume and 

return volatility, a proxy for the degree of learning as proposed by 

Banerjee (2011).  

This paper contributes to the literature on liquidity spillover. 
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Examining the time series of aggregate market liquidity in the US stock 

market and treasury market, Goyenko and Ukhov (2009) find that a 

change in the liquidity of one market affects the liquidity of the other 

market. Bessembinder et al. (2006) and Yin (2011) study the effect of 

regulatory reporting requirement imposed on corporate bond 

transactions in the US in 2002 and find that improvement in liquidity 

of eligible bonds propagated to non-eligible bonds (Bessembinder et 

al. (2006)) and also to stocks of eligible bond issuers (Yin (2011)). 

However, these papers do not examine the channel for liquidity 

spillover. One notable exception is Honkanen and Schmidt (2022), 

which documents evidence of price and liquidity spillover from fire 

sale stocks to peer stocks through the cross-asset learning channel. 

Different from the work of Honkanen and Schmidt (2022), my paper 

studies corporate bond markets. 

This paper is also related to the literature on corporate bond 

liquidity. At the onset of the COVID-19 crisis, the US corporate bond 

market experienced a severe market-wide liquidity dry-up coupled 

with temporary but significant dislocations in yield spreads. Given the 

importance of the corporate bond market as a funding channel for firms 

and its possible impacts on the real economy, the Federal Reserve 

quickly intervened to provide liquidity in the market. This liquidity 

event surrounding the COVID-19 crisis renewed investors' interest in 

the dynamics of liquidity in the corporate bond market. However, 

despite its importance, the sources of liquidity commonality or liquidity 

contagion in the corporate bond market have not been studied 
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extensively in the literature and this paper aims to fill this gap②. 

The remainder of the paper proceeds as follows. In Section 2, I 

provide the institutional background on fire sale of downgraded bonds 

in the corporate bond market, which serves as a basis for the empirical 

design in my study. Section 3 describes the data and methodology. 

Section 4 reports the main results, and Section 5 concludes. 

 

 

Chapter 2. Credit rating downgrade and bond 

liquidity 

 

2.1. Rating downgrade events and fire sales 

This paper examines credit rating downgrade events from investment 

grade to high yield to identify an idiosyncratic shock in liquidity on the 

downgraded bonds and study how the initial liquidity shock propagates 

to other bonds. When examining the spillover effect of a liquidity shock, 

it is necessary to identify an idiosyncratic liquidity shock specific to a 

single asset in order to distinguish spillover from co-movement. If a 

liquidity event arises in the form of a market-wide liquidity shock or 

is caused by news on economic fundamentals common to multiple 

assets, it could result in co-movement in liquidity across various 

assets, thereby making it challenging to understand the spillover 

 
② Prior research examining liquidity commonality in the corporate bond market 

include Bao et al. (2011), Lin et al. (2011) and Gissler (2017). With respect to 

liquidity spillover, Bessembinder et al. (2006) document the empirical evidence of 

liquidity spillover across corporate bonds but do not examine the channel. 
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mechanism. In this regard, a rating downgrade event from investment 

grade to high yield offers a setting to analyze the spillover effect as 

the downgrade bond suffers an idiosyncratic liquidity shock due to the 

selling pressure from institutional reasons.  

Literature documents that upon a credit rating downgrade of a 

bond from investment grade to high yield, regulatory constraints of 

insurance companies lead to fire sale of downgraded bonds for non-

fundamental reasons (Ellul et al. (2011) and He et al. (2022)). 

Insurance companies are forced to sell the downgraded bonds either 

because the bonds move to a higher risk category, resulting in higher 

capital requirement against the bonds, or due to regulations or internal 

policies that prohibit holding non-investment grade bonds (Ellul et al. 

(2011)). Similarly, using institutional holding and transaction data for 

the US corporate bonds, He et al. (2022) documents the presence of 

net selling pressure from insurance companies both in the quarter of 

the downgrade and the subsequent quarter, which are only partially 

offset by purchases made by mutual funds and pension funds. 

Literature also confirms that such strong fire sale pressure is unique 

to rating downgrade events that crosses the threshold between 

investment grade and high yield, confirming the non-fundamental 

nature of the selling pressure (Bao et al. (2018) and He et al. (2022)). 

Notably, the selling pressure of insurance companies leads to 

negative abnormal returns around the event date and increases in 

illiquidity of the downgraded bonds. Ellul et al. (2011) finds that the 

fire sale pressure from insurance companies generates non-

fundamental price pressure on the downgraded bonds and the bonds 
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exhibit negative abnormal returns which slowly reverses over the 

subsequent months. Bao et al. (2018) also documents an increase in 

illiquidity of the downgraded bonds following the downgrade from 

investment grade to high yield. Overall, the empirical patterns 

suggests that a rating downgrade event from investment grade to high 

yield offers an opportunity to analyze how a non-fundamental liquidity 

shock on a bond impacts the liquidity of other bonds.  

 

2.2. Controlling information content 

The approach of using rating downgrade events from investment grade 

to high yield as an idiosyncratic liquidity shock is based on the key 

assumption that the selling pressure is not driven by information 

related to economic fundamentals. If a liquidity shock occurs due to 

selling pressure induced by a negative shock to the fundamentals, the 

corresponding change in liquidity of economically related peer bonds 

could be attributed to information-driven selling pressure on both the 

downgraded bond and its peer bonds, rather than a spillover of liquidity 

shock. For instance, it is possible that a credit rating downgrade 

conveys negative information about the downgraded firm, which may 

have implication for both the downgraded bond and its peer bond. This 

may affect the liquidity of both assets as selling pressure due to 

information increases in both assets, making it difficult to distinguish 

the spillover of liquidity from mere co-movement.  

To address the issue that liquidity shocks on the downgraded bond 

and its peers may be driven by information delivered by the rating 
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event, I adopt the approach of Ellul et al. (2011) and control the 

information contained in the downgrade by excluding bonds with non-

zero issuer stock return in the event month. A significant stock market 

reaction in the downgrade month suggests that the rating action has 

delivered new information about the issuer's economic fundamentals. 

Therefore, focusing the study on the sample of bonds the rating events 

with non-significant stock return in the event month allows us to 

alleviates the concern that the liquidity shock is driven by 

fundamentals.  

To determine the significance of the stock market reaction, I 

follow the literature and compare the stock return during the month of 

the rating downgrade to the standard deviation of monthly returns over 

the past 1-year period from month t-13 to t-2. I use this standard 

deviation to determine if the stock return during the event month is 

significantly different from zero at 5% significance level.  

By controlling for new information arrival at the time of rating 

downgrade, I argue that any subsequent liquidity changes in the 

following months reflect institutional selling pressure. This is 

consistent with prior literature, which suggests that institutional 

selling and the resulting price pressure are strongest in the quarter of 

the downgrade and persist for several months. One caveat is that this 

approach, which relies on the significance of stock returns in the 

downgrade month, does not exclude rating events where fundamental 

information was already priced into the market prior to the 

downgrades. As a result, any significant changes in liquidity in the 

months preceding the rating downgrade may be attributable to either 
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selling pressure from insurance companies or fundamental-driven 

selling. Therefore, when analyzing the spillover effect, I focus on the 

changes in liquidity of the peer bonds during the month of downgrade 

and the subsequent months, rather than the months preceding the 

downgrade. 

 

2.3. Identifying eligible rating downgrade events 

To identify the 'fire sale' bonds in this study, I focus on a subset of 

downgraded bonds that experienced a liquidity shock due to selling 

pressure. Specifically, I only consider the bonds that exhibited an 

increase in illiquidity on a market-adjusted basis after the downgrade③, 

out of the pool of downgraded bonds. This allows me to focus on the 

set of bonds that underwent significant liquidity shock from the selling 

pressure. While my empirical design leverages the liquidity shock from 

the fire sale pressure generated by institutional holdings of insurance 

companies, the holdings of insurance companies vary across bonds 

and not all bonds may experience significant selling pressure. As a 

result, some bonds may be affected severely by institutional selling 

pressure while no significant selling pressure is observed in others. 

Indeed, Ellul et al. (2011) highlights that the degree of fire sale 

depends on the level of capital constraints of the insurance companies 

holding the bond. Therefore, screening the rating events based on the 

 
③ Bonds with a jump in liquidity is calculated as ((average Amihud illiquidity ratio 

over months t to t+2) - (average Amihud illiquidity ratio over month t-9 to t-1)), 

after adjusting for the change in market-wide average Amihud illiquidity ratio over 

the corresponding period. 
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observed changes in liquidity patterns from the pre-event to post-

event period allows me to focus on the set of downgraded bonds that 

actually experienced an increase in illiquidity. 

 

 

Chapter 3. Data and methodology 

 

3.1. Data and sample selection 

Corporate bonds data is obtained from the enhanced TRACE database, 

which provides detailed transaction-level information including 

transaction date, time, price and volume for all OTC transactions in the 

US corporate bond market. I use this information to calculate a liquidity 

measure for each bond. To account for potential reporting errors in 

the database, I clean the data following the procedures provided in 

Dick-Nielsen (2009); Dick-Nielsen (2014). Then I further merge 

TRACE with CRSP and Compustat data to obtain credit rating data and 

other issuer-level variables. Unmatched bonds are excluded from the 

analysis, and the data in the intersection of the TRACE, CRSP and 

Compustat database are used to construct the baseline sample. 

The sample period spans from July 2002 to February 2017④. 

Liquidity measure (further described in section 3.3) for each bond is 

calculated at a monthly frequency. The final data set contains 

1,428,570 bond-month observations from 49,524 bonds issued by 

 
④ Sample period is set based on the availability of TRACE database (available from 

July 2002) and S&P credit rating data provided by Compustat (available till Feburary 

2017). 
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2,656 firms. 

 

3.2. Rating events and peer bonds 

Rating downgrade events are identified from Compustat credit rating 

data, which provides Standard & Poor's credit ratings for each firm on 

a monthly basis. Over the sample period, 263 issuer-level rating 

events are downgrades from investment grade (BBB- or above) to 

high yield (BB+ or below). To refine the analysis, I define eligible 

rating downgrades for this study as downgrade events that meets two 

criteria. The first criterion is that the issuer's stock return during the 

event month should not differ significantly from zero, as described in 

Section 2.2. The second criteria, as specified in Section 2.3, is that the 

issuers' bonds experience an increase in illiquidity following the rating 

event. As a result, a total of 84 rating downgrade events from 2002 to 

2017 meet the eligibility criteria and are defined as eligible rating 

events for the analysis.  

After identifying the eligible rating events for this study, I match 

peer bonds for each rating event. Peer bonds are defined as bonds 

issued by economically related peer firms of the downgraded issuer. 

To identify economically related peers of downgraded issuers, I follow 

Honkanen and Schmidt (2022) and adopt the Text-Based Network 

Industry Classification (TNIC) methodology developed by Hoberg and 

Phillips (2010); Hoberg and Phillips (2016). Hoberg and Phillips (2010); 

Hoberg and Phillips (2016) conducts a textual analysis of the product 

description section of firms' SEC 10-K filing reports to identify 
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economically related peers for each firm and generate a pairwise 

similarity score. The peer data available from the Hoberg and Phillips 

data library⑤ includes a list of peers sorted by similarity score for 

each firm and year. As Honkanen and Schmidt (2022) noted, the TNIC 

methodology allows for a more accurate capture of firm relatedness 

based on product offerings and business areas and also accounts for 

time-varying features of the firms' relatedness by generating peer 

data on an annual basis. 

 

3.3. Measuring bond liquidity 

Bond liquidity is measured as the natural logarithm of the Amihud 

illiquidity ratio (Amihud (2002)). The ratio focuses on the price impact 

of trades, and is calculated as the average ratio of absolute returns to 

transaction size. The Amihud illiquidity ratio of bond i in month t is 

defined as 

 

 𝐴𝐴𝐴𝐴𝐴𝐴ℎ𝑢𝑢𝑑𝑑𝑖𝑖,𝑡𝑡 = 1
𝑁𝑁𝑡𝑡
∑ |𝑟𝑟𝑟𝑟𝑡𝑡𝑖𝑖,𝑗𝑗,𝑡𝑡|

𝑣𝑣𝑣𝑣𝑙𝑙𝑖𝑖,𝑗𝑗,𝑡𝑡

𝑁𝑁𝑡𝑡
𝑗𝑗=1    (1) 

 

where, 𝑟𝑟𝑟𝑟𝑡𝑡𝑖𝑖,𝑗𝑗,𝑡𝑡 is the daily return for bond i on day j of month t, 𝑣𝑣𝑣𝑣𝑙𝑙𝑖𝑖,𝑗𝑗,𝑡𝑡 

is total daily transaction volume in millions of US dollars for bond i on 

day j of month, and 𝑁𝑁𝑡𝑡 is the number of trading days in month t for 

which transaction data for bond i is available. In calculating the daily 

return, daily prices are calculated as trading volume-weighted 

 
⑤ The data is publicly available at https://hobergphillips.tuck.dartmouth.edu/.  
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average prices following Bessembinder et al. (2009). A higher Amihud 

ratio implies that the price impact of each transaction is larger on 

average, indicating lower liquidity. 

 

3.4. Empirical model 

Using the panel data of bond-month observations, I run the following 

regression which follows the approach of Honkanen and Schmidt 

(2022): 

 

     𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑄𝑄𝑖𝑖,𝑡𝑡 = 𝛼𝛼𝑖𝑖 + 𝛼𝛼𝑡𝑡 + ∑ 𝛽𝛽𝜏𝜏 × 𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡+𝜏𝜏18
𝜏𝜏=−6 +  ∑ 𝛿𝛿𝜏𝜏 × 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡+𝜏𝜏18

𝜏𝜏=−6  

                                     +𝛾𝛾 × 𝑋𝑋𝑖𝑖,𝑡𝑡 + 𝜖𝜖𝑖𝑖,𝑡𝑡  (2) 

 

where, the main dependent variable 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑄𝑄𝑖𝑖,𝑡𝑡 is the natural logarithm of 

Amihud illiquidity ratio (𝐴𝐴𝐴𝐴𝐴𝐴ℎ𝑢𝑢𝑑𝑑𝑖𝑖,𝑡𝑡) for each bond in a given month, 𝛼𝛼𝑖𝑖 

and 𝛼𝛼𝑡𝑡  are bond and month fixed effects, 𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡+𝜏𝜏 and 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡+𝜏𝜏 are 

dummy variables indicating the downgraded bonds and their peer 

bonds around event month t, and 𝑋𝑋𝑖𝑖,𝑡𝑡  is a vector of firm-level control 

variables. For each rating downgrade event, dummies for the prior 6 

months and subsequent 18 months are included. For example, if a 

rating downgrade event from investment grade to high yield has 

occurred on bond X in January 2005, 𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡  dummy for bond X in 

January 2005 will have a value of 1. Similarly, 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡 dummy for its 

peer bond Y will have a value of 1 in January 2005. For April 2005, 

which is 3 months after the rating event, 𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡+3 and 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡+3 will 

have a value of 1 for bond X and bond Y, respectively. A positive and 
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statistically significant coefficient for the RE dummies indicates that 

the downgraded bonds used in this study experienced an increase in 

illiquidity around the rating event date on average. Similarly, a positive 

and statistically significant coefficient for the PEER dummies suggests 

that the liquidity shock to the downgraded bonds transmitted to their 

economically related peer bonds and the liquidity of the peer bonds 

deteriorated.  

The main coefficients of interest in the regression are the PEER 

dummies. In particular, I focus on the significance of PEER dummies 

during the event month and the subsequent months ( 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡  to 

𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑡𝑡+18), which represents the jump in illiquidity of the peer bonds 

after the rating downgrade event. As discussed in Section 2.2, while I 

have controlled for information content in rating downgrade event by 

observing the stock return in the month of downgrade, the 

methodology does not control for the arrival of fundamental-related 

information prior to the rating announcement. Therefore, I only focus 

on the period post the rating announcement to determine the spillover 

effect.  

For the control variables, I include a list of firm-level 

characteristics that my impact the liquidity of the bond. Firm-level 

control variables include size, leverage, return on assets, market-to-

book ratio and interest coverage ratio. I also control the effect of credit 

rating on bond liquidity by including IG dummy, which flags the 

investment grade issuers. Table 1 presents the summary statistics of 

the dependent variable and firm-level control variables and detailed 

definition of each variable is provided in the Appendix. In addition to  
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Table 1: Descriptive statistics 

 
This table reports the descriptive statistics for the dependent variable and control 

variables used in the regression. The sample consists of bond-month observations 

from July 2002 to February 2017. ILLIQ is the natural logarithm of the Amihud 

illiquidity ratio for a bond in a given month. IG is a dummy variable indicating an 

investment-grade rating rating (BBB- and above) by Standard & Poor's. Leverage is 

the ratio of long-term debt over the sum of long-term debt and shareholders' equity. 

Market-to-book is the ratio of the market value of the firm's stock over the book 

value of shareholders' equity. ROA is return on assets, calculated as operating profits 

scaled by total assets. IntCoverage is the ratio of operating income over interest 

expense. All control variables except for the IG dummy are winsorized at the 1% level 

on both sides. Detailed definitions of the variables are in the Appendix. 

 

the firm-level control variables, I include bond fixed effects to control 

for any unobserved bond-specific attributes. Time fixed effects are 

also included to control for market-wide factors that varies over time. 

 

 

Chapter 4. Empirical Results 

 

This section presents the results of regression analyses that examine 

the significance of liquidity spillover from the downgraded bonds to 

Variable N Mean Std Dev 
25th  

Pctl 

Median 75th  

Pctl 

Dependent Variable 

ILLIQ 1,428,570 -2.16 2.42 -3.63 -1.86 -0.47 

Control Variables 

IG 1,428,570 0.82 0.39 1.00 1.00 1.00 

Total asset 1,428,570 252,738 389,882 13,862 48,923 304,594 

Leverage 1,428,570 0.59 0.23 0.40 0.56 0.80 

Market-to-

book 

1,428,570 2.31 2.21 1.06 1.60 2.74 

ROA 1,428,570 0.03 0.05 0.01 0.02 0.05 

IntCoverage 1,428,570 6.65 8.73 2.77 4.03 6.77 
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their peer bonds. In Section 4.1, I initially run a regression test on the 

entire sample to investigate the liquidity patterns of downgraded bonds 

and assess the spillover effect to the peer bonds. Subsequently, I 

proceed to regression tests on subsamples split by different firm 

characteristics, which are reported in Section 4.2. As the results of 

the subsample analysis in Section 4.2 offer suggestive evidence that 

liquidity spillover is related to information learning across assets, I 

further explore the impact of information-related variables on the 

spillover effect in Section 4.3. Section 4.4 summarizes the empirical 

evidence and discusses the sources of liquidity spillover.  

 

4.1. Illiquidity of downgraded bonds and peer spillover 

effects 

As a baseline analysis, I estimate the regression equation specified in 

Section 3.4 on the entire sample. The estimation result is presented in 

Table 2.  

The coefficients for RE dummies are positive and statistically 

significant, indicating a significant deterioration in liquidity for the 

downgraded bonds after  the rating event. There is a notable increase 

in illiquidity observed from month t-2, which persists through month 

t+12.  The effect of deteriorated liquidity gradually diminishes over 

time, and the coefficients for the period post month t+12 are not 

statistically significant except for month t+14. This suggests that the 

downgraded bonds experience a persistent increase in illiquidity for 

an extended period before and after the rating downgrade event, with 
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Table 2: Liquidity spillover effect 

  Coeff t-stat   Coeff t-stat 

Event time RE     PEER   

t-3  0.13 1.00    0.10  1.31 

t-2  0.19** 2.14   -0.02  -0.39 

t-1  0.19** 2.21    0.10 1.36 

t  0.49*** 3.62    0.07  0.84 

t+1  0.41*** 4.02    0.08  1.20 

t+2  0.52*** 5.01    0.00 0.00 

t+3  0.14 1.46    0.01  0.16 

t+4  0.47***  5.05    0.09  1.41 

t+5  0.38***  4.12    0.11*  1.94 

t+6  0.49***  4.13    0.12**  2.37 

t+7  0.24**  2.15    0.03  0.48 

t+8  0.19  1.11    0.06  1.00 

t+9  0.40***  3.00    0.08*  1.83 

t+10  0.29**  2.49    -0.04  -0.83 

t+11  0.17*  1.80    0.04  0.71 

t+12  0.34***  3.68    -0.02  -0.44 

IG  -0.04  -1.44     

Log(total asset)  0.13***   7.80     

Leverage  0.26***   2.91     

Market-to-book  -0.01**  -2.43     

ROA  -0.75***  -4.91     

IntCoverage  0.00  -1.20     

Bond & month FE Yes     

N  1,428,570     

Adj. R2 0.59     

 

This table presents the estimation results for Equation (2) for the full sample. The 

dependent variable, ILLIQ is the natural logarithm of the Amihud illiquidity ratio for a 

bond in a given month. RE dummies indicate bonds that were downgraded from 

investment grade to high yield and meet the eligibility criteria for the analysis and 

PEER dummies indicate bonds that are issued by peers of the eligible downgraded 

issuers. RE and PEER dummies are generated for 6 preceding and 18 subsequent 

months, in addition to the event month, respectively. The table only presents the 

coefficient estimates for RE and PEER dummies from t-1 to t+9 for brevity. The firm-

level control variables are as of the end of the previous fiscal year. The regression 

includes bond and month fixed effects and standard errors are double-clustered at the 

bond and month levels. *, **, and *** denote significance at the 10%, 5%, and 1% 

levels, respectively. Detailed definitions of the variables are in the Appendix. 
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the effect gradually subsiding over time. The average of the 

coefficients from month t to t+12 is approximately 0.35, indicating an 

abnormal increase in the monthly Amihud illiquidity ratio on average 

after controlling for firm-characteristic and fixed effects. The most 

severe deterioration in illiquidity occurs during the quarter of the 

rating downgrade. During the quarter of the downgrade, the average 

jump in the Amihud illiquidity ratio (calculated as the average of the 

coefficients for the RE dummy variable from month t to t+2) amounts 

to approximately 0.48. 

The spillover of this liquidity shock to the peer bonds appears to 

be limited when estimated on the entire sample. The coefficients for 

the PEER dummies are positive and statistically significant only in 

month t+5, t+6, and t+9, with a significance level of 5-10%. The 

average of the coefficient estimates across these three months is 

approximately 0.10, which is about one-third the magnitude of the 

illiquidity jump observed on the downgraded bonds. 

 

4.2. Cross-sectional analysis of subsamples 

This section reports the results for a series of cross-sectional tests 

on subsamples by splitting the data based on various firm 

characteristics. The tests aim to investigate what are the firm 

characteristics associated with a stronger degree of spillover when an 

economically related peer experiences a liquidity shock. Following the 

approach of Honkanen and Schmidt (2022), in each test, I divide the 

samples into two subsets based on the median value of firm-level 
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characteristics and estimate the regression on each subsample. 

Specifically, I examine whether the PEER coefficients are more 

positive and statistically significant in one subsample compared to the 

other. Understanding the firm characteristic associated with the 

magnitude of spillover effect helps us in exploring the sources of 

liquidity spillover.  

 

4.2.1. Effect of firm size and number of outstanding 

bonds 

I first divide the sample of bonds based on the issuer's firm size, 

measured by total assets and market capitalization. There are prior 

studies that examine how firm size is related to the degree of liquidity 

spillover in the stock market. Hu et al. (2019) examines liquidity 

contagion triggered by de-leveraging of margin-constrained investors 

and find that spillover effects are stronger for large stocks when 

investors are faced with capital constraints. On the other hand, 

Honkanen and Schmidt (2022) find that liquidity shocks on fire-sale 

stocks are transmitted to economically related peers, with the effects 

being more pronounced for small-sized peer stocks. 

The regression results for the subsamples are reported under columns 

(1) to (4) of Table 3. Partitioning the sample of bonds based on the 

median value of firm size, I find that the spillover effect is concentrated 

on the peer bonds issued by small firms. Under both measures of firm 

size, coefficients for the PEER dummies are positive and statistically 

significant in the subsample of small firms with below median firm size 
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Table 3: Subsample analysis — effect of firm size and number of 

trading bonds 

 Total assets  Market cap  Num. of trading 

bonds 

 (1) 

Small 

(2) 

Large 
 (3) 

Small 

(4) 

Large 
 (5) 

Small 

(6) 

Large 

PEER(t-1)  0.42***  0.06  0.5*** -0.03  0.43*** 0.06 

  (2.91)  (0.74)  (3.09) (-0.47)  (3.95) (0.69) 

PEER(t)  0.17  0.06  0.37*** -0.04  0.38*** 0.03 

  (1.58)  (0.69)  (2.65) (-0.59)  (3.03) (0.29) 

PEER(t+1)  0.25**  0.06  0.35*** -0.02  0.41*** 0.03 

  (2.2)  (0.86)  (2.94) (-0.3)  (3.51) (0.45) 

PEER(t+2)  0.36***  -0.05  0.32*** -0.14**  0.4*** -0.06 

  (2.61)  (-0.66)  (2.9) (-2.26)  (3.17) (-0.82) 

PEER(t+3)  0.36**  -0.03  0.3** -0.1  0.32** -0.03 

  (2.48)  (-0.44)  (2.24) (-1.51)  (1.98) (-0.5) 

PEER(t+4)  0.39**  0.05  0.31*** 0.02  0.47*** 0.02 

  (2.56)  (0.85)  (2.74) (0.26)  (3.07) (0.38) 

PEER(t+5)  0.26**  0.09*  0.22** 0.07  0.27** 0.09 

  (2.02)  (1.66)  (2.21) (1.17)  (2.03) (1.51) 

PEER(t+6)  0.29**  0.09*  0.28*** 0.05  0.43*** 0.07 

  (2.27)  (1.65)  (3.07) (0.84)  (3.09) (1.32) 

PEER(t+7)  -0.04  0.04  0.05 0.01  0.14 0.02 

  (-0.25)  (0.7)  (0.26) (0.09)  (1.07) (0.28) 

PEER(t+8)  -0.04  0.07  0.04 0.05  0.28** 0.02 

  (-0.26)  (1.07)  (0.31) (0.8)  (2.02) (0.38) 

PEER(t+9)  0.25*  0.05  0.16 0.07  0.22* 0.06 

  (1.74)  (1.02)  (1.57) (1.42)  (1.7) (1.34) 

Bond & 

month FE 
 Yes  Yes  Yes Yes  Yes Yes 

N 148,661 1,279,909  188,590 1,239,980  149,131 1,279,439 

Adj. R2 0.39  0.61   0.46  0.61   0.40 0.61  

 

Each column in this table reports the estimation results for Equation (2) on a specific 

sub-sample. Columns (1) and (2) split bonds based on the firm's total assets, with (1) 

including small firms and (2) including large firms (below and above the median, 

respectively). Similarly, columns (3) and (4) split bonds based on market capitalization, 

as an alternative measure for firm size. Columns (5) and (6) split bonds based on the 

number of trading bonds by the same issuer, with (5) including firms with a small 

number of trading bonds and (6) including firms with a large number of trading bonds 
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(below and above the median, respectively). The dependent variable, ILLIQ represents 

the natural logarithm of the Amihud illiquidity ratio for a bond in a given month. PEER 

dummies indicate bonds that are issued by peers of the eligible downgraded issuers 

and are generated for the 6 preceding and 18 subsequent months, in addition to the 

event month. The table only presents the coefficient estimates for PEER dummies 

from t-1 to t+9 for brevity. The regression includes bond and month fixed effects and 

standard errors are double-clustered at the bond and month levels. The t-statistics 

are reported below coefficient estimates in parentheses. *, **, and *** denote 

significance at the 10%, 5%, and 1% levels, respectively. Detailed definitions of the 

variables are in the Appendix. 

 

(columns (1) and (3) of Table 3), indicating a significant decrease in 

liquidity for the peer bonds issued by small firms. For the peer bonds 

of small firms, the spillover effect persists throughout the two quarters 

following the downgrade event, as indicated by coefficients from 

𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡 to 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡+6. The average coefficients across these two quarters, 

representing the magnitude of illiquidity spillover, is approximately 

0.30. This is notably stronger than the average liquidity effect for the 

peers in the full sample reported in Table 2. On the other hand, the 

PEER coefficients estimated on the subsample of bonds issued by large 

firms (columns (2) and (4) of Table 3)) are not significantly different 

from 0 on average. These results show that a negative liquidity shock 

on the downgraded bonds spills over to the bonds of small-sized peer 

firms but not to the large-sized peer firms. 

In addition to firm size, I further examine the impact of the number 

of outstanding bonds for each firm. The number of outstanding bonds 

at the firm level captures the frequency at which an issuer raises 

financing in the bond market. Frequent bond issuers tend to have a 

larger number of outstanding bonds in a market compared to firms that 

issue less frequently. The number of outstanding bonds is measured 

at firm-year level, by counting the number of bonds by the same issuer 
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captured in the TRACE database in a given year.  

Columns (5) and (6) of Table 3 report the estimation results for 

the subsamples based on the number of outstanding bonds. Similar to 

the results based on firm size, the PEER coefficient is positive and 

statistically significant only in the subsample of bonds issued by firms 

that have a small number of outstanding bonds and not in the other 

subsample. The result suggests that the spillover of the liquidity shock 

is concentrated on the bonds of firms that issue bonds less frequently.  

A plausible explanation for the impact of firm size and the number 

of outstanding bonds is that liquidity spillover is related to the 

information environment for a firm and firms operating under a weak 

information environment are more strongly affected by liquidity 

spillover. Size is often used as a proxy for the level of information 

available about a firm as there are greater amounts of information 

available for larger firms versus smaller firms (Atiase (1985) and Grant 

(1980)). Collins et al. (1987) further document that firm size is 

positively related to the amount of available information and the 

number of traders and analysts processing the available information 

about a firm. Similarly, the number of outstanding bonds is also 

associated with the information environment for a firm. Prior research 

finds that obtaining information for infrequent bond issuers is costly 

(Cook (1982) and Feroz and Wilson (1992)). 

In the models of cross-asset learning, investors condition their 

expectations on all available price signals. In particular, investors of 

firms in a weak information environment rely more on the prices of 

other economically related assets to extract information (Honkanen 
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and Schmidt (2022)). Therefore, when there is a negative liquidity 

shock that leads to a decreased informational efficiency of one asset, 

its peer firms under a weak information environment are more heavily 

affected due to the greater importance placed on learning from the 

asset that experienced the liquidity shock. This implies that peers in a 

weak information environment experience stronger spillover in 

illiquidity compared to firms in a strong information environment.  

 

4.2.2. Effect of uncertainty in firm-level fundamentals 

In this section, I test whether the degree of liquidity spillover across 

bonds is associated with the volatility of firm-level fundamentals. 

Firms face varying degrees of uncertainty in underlying economic 

fundamentals such as operating profit or cash flows, which are 

important sources of fluctuations in asset prices. To test the effect of 

firm-level volatility of fundamentals, I split the sample along the 

median and group the bonds into those issued by firms with a high 

volatility and a low volatility of fundamentals, respectively.  

To measure the volatility of fundamentals at the firm-level, I use 

operating profit volatility and cash flow volatility of the issuers. 

Operating profit volatility is defined as the volatility of return on assets, 

calculated as the standard deviation of operating profits scaled by total 

assets over a rolling 5-year window following the literature (Dichev 

and Tang (2009) and Isshaq and Faff (2016)). Similarly, volatility of 

cash flow is measured as the standard deviation of operating cash 

flows scaled by total assets over a rolling 5-year window (Zhang 
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(2006)). 

Table 4 presents the estimation results for each subsample. Under 

both measures, the liquidity spillover effect is concentrated on the 

bonds issued by peer firms with high volatility of fundamentals. Results 

in columns (1) and (3) of Table 4 show that PEER dummies are positive 

and statistically significant in the event month and the subsequent 

months, with the effects continuing through month t+6. On the other 

hand, no significant change in liquidity is observed for the bonds of 

firms with a low volatility of fundamentals as shown in columns (2) and 

(4) of Table 4.  

The volatility of a firm's underlying fundamentals proxies the level 

of uncertainty in estimating the fundamental value of a security issued 

by the firm (Zhang (2006) and Chordia et al. (2007)). Prior research 

suggests that investors of firms with higher uncertainty in 

fundamentals bear a higher estimation risk and therefore rely more on 

extracting information from the prices of other assets with correlated 

fundamentals (Chordia et al. (2007) and Isshaq and Faff (2016)). If 

investors' cross-asset learning is a source of liquidity spillover as 

proposed by the theory of Cespa and Foucault (2014), the spillover 

will be stronger for assets with a high volatility of fundamentals, as 

learning is more important for this subset of assets. The empirical 

evidence in this section is consistent with this intuition, suggesting that 

information learning across assets could be a source of liquidity  
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Table 4: Subsample analysis — effect of uncertainty in fundamentals 

 Volatility of cash flows  Volatility of ROA 

 (1) 

High 

(2) 

Low 
 (3) 

High 

(4) 

Low 

PEER(t-1)  0.25**  0.03  0.34*** 0.00 

  (2.44)  (0.36)  (3.82) (-0.01) 

PEER(t)  0.24***  -0.02  0.25** -0.02 

  (2.75)  (-0.18)  (2.28) (-0.16) 

PEER(t+1)  0.12  0.07  0.16* 0.05 

  (1.16)  (0.89)  (1.84) (0.56) 

PEER(t+2)  0.25*  -0.10  0.20* -0.10 

  (1.9)  (-1.47)  (1.66) (-1.35) 

PEER(t+3)  0.19**  -0.07  0.14 -0.05 

  (2.02)  (-0.93)  (1.23) (-0.6) 

PEER(t+4)  0.22**  0.01  0.24*** 0.03 

  (2.29)  (0.21)  (2.78) (0.38) 

PEER(t+5)  0.12  0.09  0.16** 0.08 

  (1.57)  (1.34)  (2.01) (1.21) 

PEER(t+6)  0.25***  0.06  0.29*** 0.03 

  (2.60)  (1.02)  (3.04) (0.45) 

PEER(t+7)  0.07  0.03  0.16 -0.02 

  (0.41)  (0.49)  (0.97) (-0.31) 

PEER(t+8)  0.14  0.04  0.11 0.04 

  (1.51)  (0.52)  (1.11) (0.54) 

PEER(t+9)  0.28***  0.03  0.30*** 0.00 

  (3.16)  (0.67)  (3.59) (0.02) 

Bond & month FE  Yes  Yes  Yes Yes 

N 459,127 959,798   362,588 1,056,337  

Adj. R2 0.59 0.60   0.53  0.61  

 

Each column in this table reports the estimation results for Equation (2) on a specific 

sub-sample. Columns (1) and (2) split bonds based on the volatility of cash flows, with 

(1) including high volatility firms and (2) including low volatility firms (above and below 

the median, respectively). Columns (3) and (4) split bonds based on the volatility of 

ROA, with (3) including high volatility firms and (4) including low volatility firms (above 

and below the median, respectively). The dependent variable, ILLIQ represents the 

natural logarithm of the Amihud illiquidity ratio for a bond in a given month. PEER 

dummies indicate bonds that are issued by peers of the eligible downgraded issuers 

and are generated for the 6 preceding and 18 subsequent months, in addition to the 

event month. The table only presents the coefficient estimates for PEER dummies 
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from t-1 to t+9 for brevity. The regression includes bond and month fixed effects and 

standard errors are double-clustered at the bond and month levels. The t-statistics 

are reported below coefficient estimates in parentheses. *, **, and *** denote 

significance at the 10%, 5%, and 1% levels, respectively. Detailed definitions of the 

variables are in the Appendix. 

 

spillover⑥. 

 

4.3. Effect of information-related variables  

The cross-sectional analysis based on firm characteristics in Section 

4.2 suggests a possibility that information learning is associated with 

liquidity spillover across assets. Cespa and Foucault (2014) provide a 

theoretical model that explains on how liquidity contagion can arise as 

a result of information learning. In their model, dealers extract 

information from prices of other assets with correlated fundamentals. 

Considering a pair of assets X and Y that share correlated 

fundamentals, dealers in asset X extract information from the prices 

of asset Y and vice versa. When asset Y experiences an idiosyncratic 

liquidity shock, the price of asset Y deviates from its fundamentals and 

its price becomes less informative signal for dealers in asset X. As a 

result, uncertainty for the dealers in asset X increases, which leads to 

reduced liquidity provision by dealers in asset X. Through this 

mechanism of cross-asset learning, the effect of liquidity shock on an 

 
⑥ The observed impact of uncertainty in fundamentals could potentially be 

associated with alternative hypotheses. For instance, it is plausible that a stronger 

liquidity spillover to bonds with a high volatility of fundamentals is driven by dealer's 

funding constraints. When faced with such constraints, dealers may reduce liquidity 

supply more significantly for bonds with high volatility of fundamentals. Although the 

empirical evidence presented in this paper suggests the presence of an information 

learning channel overall, the complete disentanglement of these two hypotheses is 

deferred to future research. 
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asset spills over to other fundamentally correlated assets. 

In this section, to further investigate the information learning 

channel of liquidity spillover, I conduct additional cross-sectional tests 

using proxies that are more closely aligned with information learning 

and explore how they are associated with the liquidity spillover effect.  

 

4.3.1. Effect of the number of peer bonds 

Under the cross-asset learning channel, investors extract information 

from prices of other assets with correlated fundamentals and each 

asset serves as a price signal for learning. Honkanen and Schmidt 

(2022) find that the number of assets to learn information from affects 

the degree of spillover. Under the cross-asset learning channel, when 

an asset has a relatively small number of economically related assets 

to extract information from, each price signal of a related asset carries 

a larger weight in learning. Therefore, if cross-asset learning is a 

channel for liquidity spillover, an asset with a small number of 

fundamentally related assets will be more susceptible to a spillover of 

a liquidity shock when a peer asset experiences a deterioration in 

liquidity and a corresponding decrease in the informational efficiency 

of its price. On the other hand, assets that have a large number of 

economically-related assets will be less affected by a liquidity shock 

to one of the related assets, because the investors have a large number 

of alternative sources for learning. Honkanen and Schmidt (2022) 

confirms this intuition by showing that firms with a smaller number of 

peers experience stronger degree of spillover of return and liquidity 
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in the stock market. 

Extending this idea to the corporate bond market, I use the total 

number of bonds issued by economically related peer firms ('peer 

bonds') as a measure for the number of available price signals for 

learning and test its relation with the liquidity spillover effect. In the 

bond market, issuing firms often have more than one bonds trading at 

a given point in time. Therefore, the total number of bonds issued by 

economically related peer firms captures the overall quantity of 

available price signals in the market, rather than solely considering the 

number of peer firms. Peer firms are identified following the approach 

of Hoberg and Phillip, consistent with how peer firms are identified for 

the purpose of defining the PEER dummies in the main regression. 

Using this measure, I split the sample along the median of total number 

of peer bonds. If information learning is a channel for the liquidity 

spillover, the spillover effect should be stronger to bonds with a 

smaller number of peer bonds as the investors of those bonds place a 

larger weight on learning from other assets. 

Consistent with the prediction, the result in Table 5 shows that the 

spillover of the liquidity shock is concentrated on the subset of bonds 

that have a smaller number of peer bonds. The PEER coefficients in 

the event month and the subsequent months are only significant in the 

subsample of bonds that have a small number of peer bonds presented 

in column (1) of Table 5. In this subsample, the average of the PEER 

coefficients for the event month and the subsequent two quarters 

(from 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡  to 𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡+6 ) is approximately 0.20, indicating an 

abnormal jump in illiquidity. However, the PEER coefficients are not 
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Table 5: Subsample analysis — effect of the number of peer bonds 

 Num. of peer bonds 

 (1) 

Small 

(2) 

Large 

PEER(t-1)  0.11  0.09 

  (0.58)  (1.16) 

PEER(t)  0.19  0.04 

  (1.39)  (0.46) 

PEER(t+1)  0.29**  0.05 

  (2.12)  (0.61) 

PEER(t+2)  0.11  -0.02 

  (0.88)  (-0.28) 

PEER(t+3)  0.22**  -0.03 

  (2.03)  (-0.43) 

PEER(t+4)  0.18  0.07 

  (1.26)  (1.02) 

PEER(t+5)  0.23*  0.08 

  (1.88)  (1.28) 

PEER(t+6)  0.16  0.11** 

  (1.25)  (1.99) 

PEER(t+7)  0.23  0.00 

  (1.54)  (-0.04) 

PEER(t+8)  0.29**  0.02 

  (2.42)  (0.26) 

PEER(t+9)  0.16  0.06 

  (1.34)  (1.11) 

Bond & month FE Yes Yes 

N 417,190  1,011,380  

Adj. R2 0.59  0.59 

 

Each column in this table reports the estimation results for Equation (2) on a specific 

sub-sample.  Columns (1) and (2) split bonds based on the number of peer bonds, 

with (1) including firms having a small number of peer bonds and (2) including firms 

having a large number of peer firms (below and above the median, respectively). The 

dependent variable, ILLIQ represents the natural logarithm of the Amihud illiquidity 

ratio for a bond in a given month. PEER dummies indicate bonds that are issued by 

peers of the eligible downgraded issuers and are generated for the 6 preceding and 

18 subsequent months, in addition to the event month. The table only presents the 

coefficient estimates for PEER dummies from t-1 to t+9 for brevity. The regression 

includes bond and month fixed effects and standard errors are double-clustered at the 
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bond and month levels. The t-statistics are reported below coefficient estimates in 

parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels, 

respectively. Detailed definitions of the variables are in the Appendix. 

 

significantly different from 0 in the other subsample of bonds that have 

a large number of peer bonds.  

 

4.3.2. Volume-volatility correlation 

Next I explore the relationship between the degree of liquidity 

spillover and empirical proxy for the degree of learning. Banerjee 

(2011) shows that correlation between trading volume and realized 

return volatility of an asset proxies the extent to which investors 

condition on prices. According to Banerjee (2011), assets with a high 

correlation between volume and volatility are more likely to have 

investors who condition on prices. Therefore, if liquidity spillover is 

driven by the cross-asset learning channel, the spillover effect should 

be stronger for peers with a higher volume-volatility correlation. 

To understand how peers with a varying degree of learning 

respond differently to liquidity events of the downgraded bonds, I 

categorize the peers into two groups, bonds with a low (below-median) 

volume-volatility correlation and bonds with a high (above-median) 

volume-volatility correlation. For each group of peer bonds, I include 

a separate set of PEER dummies (PEER_highcorrel  and 

PEER_lowcorrel, respectively) and run the regression on the entire 

sample. Volume-volatility correlation is calculated over the period of 

24 months prior to the rating event by skipping the immediately 

preceding 6 months. 
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Results in Table 6 show that the PEER coefficients for peer bonds 

with a high volume-volatility correlation (PEER_highcorrel) are 

positive and significant while the coefficients for peers with a low 

volume-volatility correlation (PEER_lowcorrel) are not significant. For 

the peer bonds with a high volume-volatility correlation, the spillover 

effect continues through month t+9 for and the magnitude of spillover 

effect is also significant. For this group of peers, the average abnormal 

increase in the monthly Amihud illiquidity ratio is approximately 0.29 

during period of the event month and the subsequent 3 quarters. This 

is notably stronger than the average liquidity effect for the peers in 

the full sample reported in Table 2 and equivalent to approximately 

85% of the magnitude of illiquidity jump of the downgrade bonds. 

The result implies that the liquidity spillover effect is concentrated 

on the peer bonds that are subject to a stronger degree of learning 

from prices. This empirical finding provides additional supporting 

evidence for the information learning channel of illiquidity contagion. 

 

4.4. Channels for liquidity spillover 

As discussed in Section 4.2 and 4.3, I find that a significant liquidity 

spillover effect is associated with certain characteristics. These 

include small firm size, a small number of outstanding bonds, a high 

volatility of underlying fundamentals, a limited number of peer bonds, 

and a high correlation between trading volume and return volatility. 

The empirical results pertaining to firm size and the number of 

outstanding bonds provide suggestive evidence that liquidity spillover 



 

 ３４ 

Table 6: Effect of volume-volatility correlation 

Event time PEER_highcorrel  PEER_lowcorrel 

t-1  0.32***   0.06  

  (3.07)   (0.48)  

t  0.30***   0.03  

  (2.86)   (0.25)  

t+1  0.37***   0.00 

  (2.98)   (0.04)  

t+2  0.24*   0.03  

  (1.96)   (0.25)  

t+3  0.13   -0.01  

  (0.91)   (-0.10)  

t+4  0.34**   -0.11  

  (2.23)   (-0.65)  

t+5  0.19   0.14  

  (1.51)   (1.20)  

t+6  0.37***   0.15  

  (3.69)   (1.51)  

t+7  0.30**   -0.08  

  (2.25)   (-0.51)  

t+8  0.29***   -0.04  

  (2.77)   (-0.28)  

t+9  0.37***   -0.02  

  (3.51)   (-0.16)  

Bond & month FE Yes   

N 1,428,570  

Adj. R2 0.59  

 

This table reports the results on the peer spillover effect, estimated separately for 

peers with high and low volume-volatility correlation. Volume-volatility correlation 

proxies for the degree to which investors condition on prices (Banerjee (2011)) and 

is calculated for each peer bond as the correlation between trading volume and return 

variance over a 24-months period before the event, skipping the immediately 

preceding 6 months. Equation (2) has been modified to include two separate sets of 

PEER dummies, a group of high correlation bonds (PEER_highcorrel) and a group of 

low correlation bonds (PEER_lowcorrel), split based on the median value. 

PEER_highcorrel and PEER_lowcorrel dummies are generated for the 6 preceding and 

18 subsequent months around the event month, in addition to the event month, 

respectively. The table only presents the coefficient estimates for PEER dummies 

from t-1 to t+9 for brevity. The regression includes bond and month fixed effects and 
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standard errors are double-clustered at the bond and month levels. The t-statistics 

are reported below coefficient estimates in parentheses. *, **, and *** denote 

significance at the 10%, 5%, and 1% levels, respectively. Detailed definitions of the 

variables are in the Appendix. 

 

is associated with information learning across bonds, as these 

characteristics are related to the information environment for a firm. 

Additionally, a high volatility of firm-level fundamentals reflects the 

importance of learning information from other correlated assets, 

suggesting the relevance of information learning in liquidity spillover. 

Furthermore, my empirical findings suggest that bonds with a small 

number of fundamentally correlated peer assets and a high volume-

volatility correlation are more susceptible to the spillover effect, thus 

supporting the hypothesis of cross-asset learning. Overall, the 

empirical evidence in this paper suggests that cross-asset learning is 

a channel that generates liquidity spillover in the corporate bond 

market. 

While this paper provides suggestive evidence that liquidity 

contagion from one bond to another occurs through the information 

learning channel, there are other channels that could contribute to co-

movement in liquidity across assets. One notable strand of literature, 

exemplified by Kyle and Xiong (2001), Gromb and Vayanos (2002), and 

Brunnermeier and Pedersen (2009), suggests that commonality in 

liquidity arises as a result of funding constraints of financial 

intermediaries. According to Brunnermeier and Pedersen (2009), upon 

a market decline or an increase in market volatility, intermediaries 

face tighter capital constraints due to increased margin requirements 

on their positions and reduces liquidity supply across multiple assets 
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as a result. Focusing specifically on the corporate bond market, Gissler 

(2017) empirically documents that corporate bonds traded by the same 

dealer exhibit strong co-movements in liquidity. In regard to this 

alternative explanation, the goal of this paper is not to rule out this 

alternative channel leading to liquidity co-movement but to investigate 

another channel that contributes to the co-movements in liquidity 

beyond the common factors⑦. 

One potential concern, however, is that the spillover of liquidity to 

peers documented in this paper may be simply reflecting co-

movements in liquidity resulting from dealers' funding constraints. For 

instance, if there is a significant selling pressure on the downgraded 

bonds from insurance companies, it will lead to an increase in 

inventory held by the dealers. Consequently, dealers may face tighter 

capital constraints and reduced risk-bearing capacity, which leads 

them to reduce liquidity supply for various bonds, including the 

fundamentally correlated peer bonds that I focus on in this paper. 

I aim to mitigate this issue by incorporating time fixed effects into 

the regression equation. Time fixed effects control for market-wide 

common factors that vary over time. If the investors' selling pressure 

on downgraded bonds leads to reduced market making capacity and 

tighter liquidity positions for the dealers, such effect would be 

captured as a common factor contributing to the deterioration in 

liquidity across all bonds, thus being absorbed into the time fixed 

 
⑦ Cespa and Foucault (2014) also note that the cross-asset learning channel 

proposed in their theory is not mutually exclusive with the funding shock 

explanation. 
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effects. Therefore, by including time fixed effects, I account for the 

alternative hypothesis that the liquidity spillover to the peer bonds is 

solely driven by funding constraints of the dealers. 

Furthermore, it is more difficult to reconcile the empirical findings 

in my paper with the theories of funding constraint channel. In 

particular, the funding constraint channel does not explain the cross-

sectional differences in liquidity spillover effects related to learning-

related variables such as the number of peer bonds or volume-

volatility correlation shown in this paper. Overall, this paper provides 

suggestive evidence for information learning channel of liquidity 

spillover that could contribute to liquidity co-movement in addition to 

the extensively documented dealers' funding constraint channel from 

prior literature. 

 

Chapter 5. Conclusion 

 

In this study, I exploit the regulation-induced fire sale pressure of 

corporate bonds following a rating downgrade from investment grade 

to high yield and investigate how a liquidity shock to the downgraded 

bonds propagates to other bonds in the US corporate bond market. 

Specifically, I examine the spillover effects on peer bonds that share 

correlated fundamentals with the downgraded bond. To understand the 

mechanism of liquidity spillover, I divide the sample based on different 

firm characteristics and investigate the characteristics of bonds or 

issuers that are more susceptible to the spillover effect.  
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I find that the liquidity spillover effect is related to several 

characteristics of the issuing firm. I find that the spillover effect is 

stronger for peer bonds issued by small firms, firms with a small 

number of outstanding bonds, and those experiencing a high volatility 

in underlying fundamentals. These results provide suggestive 

evidence that cross-asset learning is a source driving the liquidity 

spillover across assets, as these variables are associated with a weak 

information environment and high information uncertainty, which 

emphasizes the importance of learning. Furthermore, the spillover of 

a liquidity shock is concentrated in bonds that have a limited number 

of peer bonds, indicating a restricted set of economically related 

assets to learn information from. Additionally, I find that the spillover 

effect is stronger in the group of bonds with a high correlation between 

trading volume and return volatility, which serves as a proxy for the 

degree of learning. These empirical findings further support the 

information learning channel of liquidity spillover. 

The paper contributes to the literature on liquidity spillover and, 

more broadly, liquidity commonality. While common factors driving 

liquidity commonality have been studied extensively in the literature, 

the mechanism of liquidity contagion across assets has not been 

received much attention in the literature, particularly in the bond 

market. By analyzing regulation-induced liquidity events in the 

corporate bond market, I document the existence of a liquidity 

spillover effect to peer bonds and provide empirical evidence that 

supports the information learning channel. The results of this study 

shed light on another source contributing to liquidity co-movement in 
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the corporate bond market, which has not been explored in prior 

literature. 
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Appendix: Variable definition 

 
Variable name Source Definition 

Total assets Compustat Total assets at the end of the previous 

fiscal year 

log(total assets) Compustat Natural logarithm of total assets at the 

end of the previous fiscal year 

Market cap CRSP Market capitalization calculated as the 

product of number of shares outstanding 

and share price at the end of the 

previous fiscal year 

Leverage Compustat Ratio of long-term debt to the sum of 

long-term debt and shareholders' book 

equity at the end of the previous fiscal 

year 

IG Compustat A dummy variable indicating that the 

issuer has an investment-grade rating 

rating by Standard & Poor's 

Market-to-book Compustat The ratio of the bond issuer's stock 

market capitalization over book value of 

shareholders' equity at the end of the 

previous fiscal year 

ROA Compustat Return on assets, calculated as 

operating profits scaled by total assets, 

at the end of the previous fiscal year 

IntCoverage Compustat Ratio of operating income over interest 

expense 

Num. of trading 

bonds 

TRACE Total number of bonds issued by the 

firm that have transaction records in the 

TRACE database in a given year 

Num. of peer 

bonds 

TRACE Total number of bonds issued by the 

peer issuers that have transaction 

records in the TRACE database in a 

given year 



 

 ４１ 

Volatility of ROA Compustat Standard deviation of operating profits 

scaled by total assets, calculated over 

the immediately preceding 5 years 

Volatility of cash 

flows 

Compustat Standard deviation of cash flow from 

operating activities scaled by total 

assets, calculated over the immediately 

preceding 5 years 

Volume-volatility 

correlation 

TRACE Correlation between the monthly 

trading volume and monthly return 

variance, calculated over the previous 

24 months by skipping the immediately 

preceding 6 months from the event 

month 
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국문 초록 
 

회사채 시장의 유동성 전이효과 

 

 
서울대학교 대학원 

경영학과 재무금융전공 

최지윤 

 

본 논문은 미국 회사채 시장에서의 유동성 전이효과를 연구한다. 

회사채의 신용 등급이 투자 등급에서 투기 등급으로 하락할 경우 금융 

규제로 인한 채권 매도 압력에 따라 발생하는 유동성 충격을 

분석하였으며, 이러한 유동성 충격은 규모가 작은 기업, 발행 채권 

개수가 적은 기업, 펀더멘털 변동성이 높은 기업, 그리고 경제적으로 

연관된 동료기업의 수가 적은 동료기업들의 채권으로 전이되는 현상이 

관찰되었다. 또한, 유동성 전이효과는 거래량과 수익률 변동성 간의 

상관관계가 높으며 시장 참여자들의 정보 학습 정도가 높은 동료기업의 

채권들에 집중되는 것으로 나타났다. 이러한 실증 분석 결과는 자산 

간의 정보 학습 가설을 지지하며, 자산 간에 나타나는 정보 학습 효과로 

인해 한 자산에 발생한 유동성 충격이 다른 자산으로 전이될 수 있음을 

시사한다.  

 

 

 

주요어 : 유동성, 유동성 전이 효과, 회사채, 정보 학습 

학  번 : 2021-26970 
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