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ABSTRACT

Hegde, Prasad Ph.D., Purdue University, December 2019. ESSAYS ON EMPIRICAL
ASSET PRICING. Major Professor: Sugato Chakravarty.

This dissertation involves two topics in investments. In Chapter 1 we establish

that a quantitative measure capturing the tonality (TONE ) of a publicly traded

company’s annual 10-K documents is indeed a priced risk factor employing a large

panel and multiple econometric approaches. Using both the conventional portfolio

level, as well as the more recent individual stock level, regressions, we show that

TONE captures risk associated with a company that is unique from those captured

by the other established risk factors like: HML, Rm − Rf , SMB, MOM, RMW and

CMA. We also establish that TONE is distinct from the recently identified plethora

of factors (the “factor zoo” problem). We find that the coefficient associated with

TONE is significantly negatively (positively) correlated with excess stock returns for

the most (least) pessimistic stock portfolios. Further, TONE is negatively correlated

with returns for portfolios with the smallest stocks and those with the smallest book-

to-market ratios.

In Chapter 2, we investigate the contribution of bond markets to price discovery

in equity markets, using Hasbrouck (1995) information share approach. Based on

corporate bond and equity transaction for S&P 500 stocks over a sample period

between 2002 and 2014 we find that the monthly average information share (IS)

of corporate bond markets is about 19%. We also find that the information share

of high-yield bonds is significantly greater than investment grade bonds. We also

examine the relative informational efficiency in corporate bonds through the lead-

lag relationship between their daily returns. Our results demonstrate empirically the
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theoretical arguments that informed investors trade in both stock and corporate bond

markets, suggesting an important informational role for corporate bonds.
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INTRODUCTION

The dissertation involves two topics in asset markets. The first topic examines

the role of a the qualitative information in a textual document in explaining the cross-

section of stock returns. To do so, in Chapter 1 we quantify the textual tonality of

10-K filings and show that such tonality has significant explanatory power over and

above the other well-known risk factors.

The second topic, investigates two important questions related to the informa-

tional advantage of US corporate bonds. We investigate the contribution of corporate

bonds in price discovery. We also investigate a related question whether the corporate

bonds have informational advantage.

Since the publication of the influential Fama and French (1993) paper document-

ing three specific factors that arguably explain a significant cross section of excess

stocks returns, a large body of research has developed around the usage of these

factors along with three other more recently documented factors (six in total) as

control variables for various asset pricing questions.1 However, these factors are all

related to quantifiable information captured from firms balance sheets and/or income

statements. The qualitative aspects of a firm like potential information conveyed

through firms written documents have been largely ignored until recently. Tetlock,

Saar-Tsechansky and Macskassy (2008), for example, report that the fraction of neg-

ative words in firm-specific news stories forecasts low firm earnings and that firms’

1For a small sampling, see Asness, Frazzini and Pedersen (2014); Lewellen (2011); Tetlock, Saar-
Tsechansky and Macskassy (2008); George, Hwang, and Li (2018); Ma, Wang, and Zhang (2017);
Asness, Frazzini, Israel, Moskowitz, and Pedersen (2018); Ranganathan, and Singh (2018); Barillas,
and Shanken, (2017, 2018); Stambaugh, and Yuan (2016) and Feng; Giglio and Xiu (2019); Asness
and Frazzini (2013); and Novy-Marx (2013).
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stock return predictability from negative words is largest for stories that focus on firm

fundamentals. They go on to argue that linguistic media content captures otherwise

hard to quantify aspects of firms’ fundamentals which then map into stock returns.2

Loughran and McDonald (LM, 2011) build on previous research by underscoring the

fact that word lists developed for other disciplines misclassify tonality (especially

negative tonality) when applied to financial texts. Accordingly, they develop an al-

ternative negative word list, along with five other word lists, that better reflect tone

in financial texts.

We demonstrate that an appropriately constructed tonality factor significantly

explains the cross section of excess (and abnormal) stock returns after controlling for

the original Fama and French (1992) factors given by: the HML, Rm−Rf and SMB ;

as well as: MOM (the momentum factor, Carhart, 1997); and two additional factors

introduced by Fama and French (2015): RMW and CMA.

We construct the factor model using the afore-mentioned six risk factors along with

TONE. To do so, we follow a similar approach as used in Carhart (1997) in forming

decile stock portfolios based on the previous year’s fraction of negative words. Thus,

for example, Decile 1 (Decile 10) would comprise of stocks with the most (least) pes-

simism. We then estimate a (current year) time-series regression for each of these 10

deciles, where the dependent variable is the monthly portfolio excess return while the

independent variables are the six and TONE based on current year values. We find

that the coefficient associated with TONE is significantly negatively (positively) cor-

related with excess stock returns for the most (least) pessimistic stock portfolio. We

also use the more recent methodology of employing individual stock-level regressions

and confirm that TONE indeed plays a positive and significant role in explaining ex-

cess returns. Overall, we are able to show that qualitative information improves the

model’s explanatory power over and above the quantifiable factors that are commonly

2See, for example, Admati and Pfleiderer (2001), Antweiler and Frank (2004, 2005), Das and
Chen (2007), Tetlock (2007), Tetlock, Saar-Tsechansky and Macskassy (2008), Li (2008, 2010).
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used in explain stock returns.

We also create portfolios based on the fundamental measures of a firm such as size,

book-to-market ratio, past performance as well as the fraction of negative words, a

firm-specific measure used by Tetlock, Saar-Tsechansky and Macskassy (2008) and

Loughran and McDonald (2016). Through the various sorts, we show that TONE

has a positive (negative) and significant correlation with returns for portfolio consist-

ing of small (large) stocks. Therefore it appears that management in large firms are

more likely to be cautious in their discussions (resulting in relatively less optimism)

because larger firms with an eye to reducing potential lawsuits are likely to present a

more pessimistic picture in their 10-Ks. Also, TONE has a negative and significant

correlation with returns for portfolios of high book-to-market stocks. A reasonable

interpretation is that value stocks that provide an optimistic view in their 10-K filings

and are more likely to portray a rosy outlook relative to those associated with growth

stocks. Finally, we show that TONE has negative and significant correlation with

returns for most pessimistic as well as low past performance portfolios. This could

mean stocks that witness a higher past performance coupled with relatively less pes-

simism in the 10-Ks tend to perform well in the future.

In Chapter 2 we investigate the contribution of corporate bond market’s price

discovery using the Hasbrouck’s (1995) information share approach. Our research

question is motivated by the strand of literature that provides evidence of significant

informed trading in US corporate bond markets prior to earnings announcements

(Wei and Zhou, 2012), prior to acquisition announcement (Kedia and Zhou, 2014).

Bodnaruk and Rossi (2013) document that institution holding both equity and debt

securities of a given firm benefit significantly from the price appreciation during the

M&A events.
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Another objective of this study is to investigate the lead-lag correlation between

stocks and bonds of a given firm. Since, stocks and bonds account for a dominant

share in all traded financial assets, understanding the correlation between equity and

corporate debt securities play an important role in investors’ diversification, risk man-

agement and asset allocation decisions. Although, conventional wisdom and academic

studies [Fleming, Kirby and Ostdiek (2003); Gulko (2002); Li (2002) and Hartmann,

Straetmans and Devries (2001)] indicate a negative correlation between stock returns

and long-term treasuries, there is substantial variation in the relationship between

stock and bond returns over the short term. Not surprisingly, given the macro nature

of these studies we cannot extrapolate the firm-specific correlations between stocks

and bonds.

We extend prior work by examining whether the variation in stock-bond return

relation is prevalent in a specific type of firm. Our motivation follows from literature

on cross-market hedging by Fleming, Kirby and Ostdiek (1998) and Chordia, Sarkar

and Subrahmanyam (2001), and stock market uncertainty (Connolly, Stivers and Sun,

2005, Vironesi, 1999).

Although, the evidence provided by existing studies on aggregate levels of cor-

relations provide insight into the determination of the stock-bond correlations. As

mentioned earlier the previous studies do not analyze at the micro level (i.e. re-

turn correlation between stock and bonds across same firms). This approach may

very well explain the broad market behavior, but understanding the specific type of

firm(s) susceptible to such variations in correlations can provide insights for investors.

By employing a large dataset of corporate bonds traded during the sample period

2002 through 2014, we find that, US corporate bonds have an average information

share of 19%. We also find that the information share of high-yield bonds is sig-

nificantly greater than investment grade bonds. It appears that the corporate bond
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markets have a significant role in price discovery. Additionally, through our daily

vector auto-regression (VAR) estimates we find that corporate bonds have a signif-

icant informational advantage for investment grade bonds where we find that bond

return leads stock returns. Finally, through a unique dataset that covers institutional

trading in bonds and stocks of the same firm we find that corporate bonds have

informational advantage for high-yield bonds.
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1. THE POWER OF THE WRITTEN WORD:

DOCUMENT TONALITY AS A PRICED RISK FACTOR

1.1 Introduction

Since the publication of the influential Fama and French (1993) paper document-

ing three specific factors that arguably explain a significant cross section of excess

stocks returns, a large body of research has mushroomed on the usage of these factors

along with three other more recently documented factors (six in total) as control vari-

ables for various asset pricing questions.1 An important caveat is that these factors

are all related to quantifiable information captured mostly from firms’ balance sheets

and/or income statements. The qualitative aspects of a firm, like potential infor-

mation conveyed through firms’ written documents have, until recently, been largely

ignored. Tetlock, Saar-Tsechansky and Macskassy (2008) report that the fraction

of negative words in firm-specific news stories forecasts low firm earnings and that

firms’ stock return predictability from negative words is largest for stories that focus

on firm fundamentals. They go on to argue that linguistic media content captures

otherwise hard to quantify aspects of firms’ fundamentals which then map into stock

returns.2 Loughran and McDonald (LM, 2011) build on previous research by under-

scoring the fact that word lists developed for other disciplines misclassify tonality

(especially negative tonality) when applied to financial texts. Accordingly, they de-

velop an alternative negative word list, along with five other word lists, that better

1For a small sampling, see Asness, Frazzini and Pedersen (2014); Lewellen (2011); Tetlock, Saar-
Tsechansky and Macskassy (2008); George, Hwang, and Li (2018); Ma, Wang, and Zhang (2017);
Asness, Frazzini, Israel, Moskowitz, and Pedersen (2018); Ranganathan, and Singh (2018); Barillas,
and Shanken, (2017, 2018); Stambaugh, and Yuan (2016) and Feng; Giglio and Xiu (2019); Asness
and Frazzini (2013); and Novy-Marx (2013).

2See, for example, Admati and Pfleiderer (2001), Antweiler and Frank (2004, 2005), Das and
Chen (2007), Tetlock (2007), Tetlock, Saar-Tsechansky and Macskassy (2008), Li (2008, 2010).
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reflect tone in financial texts.

The purpose of this paper is to demonstrate that an appropriately constructed

tonality factor significantly explains the cross section of excess (and abnormal) stock

returns after controlling for the original Fama and French (1993) factors given by: the

HML, Rm −Rf and SMB ; as well as: MOM (the momentum factor, Carhart, 1997);

and two additional factors introduced by Fama and French (2015): RMW and CMA

because these risk factors are known to significantly explain the cross-section of stock

returns.3 Our sample period is from 1994 to 2016 and we include all stocks listed on

the NYSE, NASDAQ and AMEX, which represents over 4,000 distinct firms. For any

given firm-year, we use the LM dictionary to obtain the fraction of negative words

(pessimism) in the 10-K document from the first quarter of that year and classify each

document into the top 30 percent (most pessimistic) and the bottom 30 percent (least

pessimistic). We then compute the monthly value-weighted portfolio returns for each

of these two extreme portfolios. The monthly return difference of the top 30 percent

(least) from the bottom 30 percent (most) forms our monthly factor, TONE. Next, we

form the decile stock portfolios based on pessimism (i.e. the previous year’s fraction

of negative words). Thus, for example, Decile 1 (Decile 10) would comprise of stocks

with the most (least) pessimism. We estimate portfolio based time-series regressions

to determine the relationship between TONE and portfolio returns. In each of the

regressions, the dependent variable is the monthly portfolio excess return while the

independent variables are the six afore-mentioned factors along with TONE.4

We find that the coefficient associated with TONE is significantly negatively (pos-

itively) correlated with excess stock returns for the most (least) pessimistic stock

3Barillas and Shanken (2018) employing a Bayesian approach document that the Fama and
French (2015) factors (i.e. HML, Rm −Rf , SMB, CMA and RMW ), MOM by Carhart (1997) and
investment factor (CMA) proposed by Hou, Xue and Zhang (2015) dominate several other factors
used in asset pricing tests. The authors show that a model with these six-factors has the highest
explanatory power.

4In other words, the factors and the decile portfolios are created on previous year’s measures
while the monthly performance is estimated based on the following year values.
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portfolio. To allay any potential concerns that TONE might be capturing some of

the risks captured by the other established factors we perform spanning regressions to

establish that our factor captures information that is orthogonal to the risks captured

by factors such as SMB, HML, Rm −Rf , CMA, RMW and MOM.5

We further perform a double-sort along pessimism and successively with size,

book-to-market, past performance, operating profitability and asset growth.6 In the

pessimism/size sort, we show that TONE has a positive (negative) and significant

coefficient for small (large) stocks associated with the least pessimism; TONE also

has a positive coefficient for large stocks associated with the most pessimism. In

the pessimism/book-to-market sort we show that TONE has a positive and signifi-

cant correlation with returns for the most pessimistic and growth stocks. In contrast,

TONE has a negative and significant correlation with returns for the least pessimistic

and value stocks. In the pessimism/past performance sorts we show that TONE has

negative and significant correlation with returns for most pessimistic as well as low

past performance portfolios. Therefore, while past performance does not appear to

matter for the TONE -excess return relationship, the pessimism/profitability and the

pessimism/ asset growth sorts show that the least pessimistic firms appear to signal

their value through positive statements and effective communication of risk-related

5To put these adjusted R2- square numbers in perspective, Carhart (1997) reports an average
adjusted R2 of 0.92 in his time-series regressions of average mutual fund excess returns on SMB,
HML, Rm−Rf and MOM for the decile sorted portfolios. Also, Hou et al. (2015) report an average
R2 of 0.94 for their monthly regressions for their four-factor model. Similarly, Lewellen (1999)
reports an average R2 of 0.90 for the three-factor model estimated on the industry average excess
returns for the industry-sorted portfolios.

6We simply follow a time-honored tradition of testing for the explanatory power of the risk
factors is through double sorting the stocks into portfolios based on the firm characteristics. See for
example, Li (2007) who sorts the stocks based on firm’s financial constraints and R&D to examine
the returns within each portfolios. Nielsen (2007) employs sorting on payout policy and leverage,
Lee and Swaminathan (2000) constructs portfolios using double sort on momentum and trading
volume. Fama and French (1993) and Daniel, Titman, Grinblatt and Wermers (1997) were the early
papers that popularized the double sorting approach. For a detailed discussion on double portfolio
sorts and tests of cross-sectional returns, see Patton and Timmerman (2008).
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information.7

It also appears that the management in large firms are more likely to be cautious

in their public pronouncements (resulting in relatively greater pessimism) since larger

firms are more susceptible to class-action lawsuits (Dey, 2008; Watts and Zimmer-

man, 1990).8 Finally, consistent with the notion of growth firms are abnormally risky,

the managers of such firms appear to have an incentive to reasonably lower such risk

perceptions by clearly disclosing risk related information in their respective annual

filings.9

We ensure that TONE is not simply one of the hundreds of factors that have

been discovered in the past decade and have been collectively labeled as a “factor

zoo” by Cochran (2011) in his AFA presidential address. A notable feature of these

factors within the zoo is that they have been discovered primarily through data min-

ing exercises and are mostly devoid of any meaningful economic content. Specifically,

Harvey, Liu and Zhu (2016) and Hou, Xue and Zhang (2018) have documented over

three hundred such factors. The collective conclusion of these studies is a majority of

these factors fail to replicate, falling well short of acceptable standards of empirical

finance. In particular, Harvey et al. (2016) establish the standard for concluding

7Recently investors have witnessed a surge in apple prices and several analysts have raised their
third quarter 2019, earnings estimates for Apple’s stock based on the firm’s optimistic outlook in
their 10-K despite the decline in iPhone sales.
(See https://markets.businessinsider.com/news/stocks/apple-stock-price-1-year-high-rising-iphone-
11-demand-2019-10-1028591463).

8Dey (2008) and Watts and Zimmerman (1990) document that agency conflicts are more likely
to arise in bigger firms and the managers of such firms have a greater incentive to reduce litigation
costs. Such an increased potential for litigation may encourage such firms to be more cautious in
discussing future events in the Management Discussion and Analysis (MD&A) section of the 10-Ks
(Li, 2010)

9For example, Facebook in their 2013, 10-K stated that “We anticipate that our active user
growth rate will continue to decline over time as the size of our active user base increases, and as we
achieve higher market penetration rates. If people do not perceive our products to be useful, reliable,
and trustworthy, we may not be able to attract or retain users or otherwise maintain or increase the
frequency and duration of their engagement. A number of other social networking companies that
achieved early popularity have since seen their active user bases or levels of engagement decline, in
some cases precipitously. There is no guarantee that we will not experience a similar erosion of our
active user base or engagement levels.”
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if a given factor is “truly significant” then the t-statistic associated with the aver-

age return should be above 3.0. In fact, they go even further, and propose that the

statistical significance of the returns associated with a given factor (being distinct

from zero) be set at a level higher than 3.0 because a falsely discovered factor could

potentially clear the 3.0 cut-off. Therefore, to alleviate concerns of a factor, created

through mostly mechanical means, from clearing such a hurdle, they employ mul-

tiple testing methods and derive a cutoff value even higher at a t-statistic of 3.54,

3.2 and 2.67 corresponding to Bonferroni’s, Holm’s and Benjamini, Hochberg and

Yekutieli’s (BHY) adjustments, respectively.10 Comparing against such standards,

the risk premium associated with TONE displays a t-statistic = 3.5 which clears the

threshold t-statistic of at least 3.0 and implies that TONE is a true discovery outside

the purview of the factor zoo. Therefore, it is the relative lack of significance and

importance of these factors that lead us to omit them in our model.

Finally, as a robustness, we re-construct TONE using the alternative approach,

where we employ the Jegadeesh and Wu (2013) weighting methodology and define

the most (least) pessimistic portfolios based on the largest (smallest) weighted score.

Then we re-estimate our regressions and confirm that our results are robust to alter-

native definition of tonality. Additionally, we also use the more recent methodology

of employing individual stock-level regressions and confirm that TONE indeed plays

a positive and significant role in explaining excess returns. Overall, we are able to

show that qualitative information improves the model’s explanatory power over and

above the quantifiable factors that are commonly used to explain stock returns.

The remainder of this paper is organized in four sections. Section 1.3 discusses

the details of constructing the tonality factor and provides the data sources. Section

10Hou et al. (2018) report that 65 per cent of their list of over 400 factors cannot clear the single
test hurdle of t-statistic = 1.96. This percentage increases significantly if the authors eliminate
“microcap” stocks from their study. Additionally, the authors show that, regardless of microcaps,
most of their factors fail to replicate if they set a higher hurdle of a cutoff t-statistic = 2.78 through
multiple testing as identified in their Table 3 (p. 17).
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1.4 provides the results and Section ?? provides the results of our robustness tests.

Section ?? presents our concluding remarks.

1.2 Background literature on textual analysis

Textual analysis has been in vogue in some form or the other across many dis-

ciplines such as natural language processing, content analysis or information retrieval

analysis (Loughran and McDonald, 2015). Specifically, content analysis objectively

characterizes the tone of a specific text description.11 With the advent of the data

mining techniques and increase in computational power, textual analysis has emerged

as a research area in accounting and finance. Following the earlier papers by Frazier,

Ingram and Tennyson (1984), Antweiler and Frank (2004), Das and Chen (2007), Tet-

lock (2007) and Li (2008), Loughran and McDonald (2011) several accounting and

finance studies have explored the impact of qualitative information on stock returns,

earnings and predict fraudulent activities. As far as finance literature is concerned,

Tetlock (2007) in his pioneering study uses content analysis to measure the interac-

tion between the media content and stock market activity. Specifically the author

constructs a ‘pessimism’ measure from the content of the Wall Street Journal (WSJ)

column and argue that high media pessimism can predict downward price pressure

on NYSE stocks, in addition to unusually high market trading volume. Similarly,

Mayew and Venkatachalam (2009), analyze conference call audio files to form opinion

on positive and negative cues revealed during the conference calls.

Furthermore, other researchers have studied the linkages of tonal content of news-

paper articles or company press releases including SEC form 10-K and IPO prospec-

tus. For example, Kothari, Li and Short (2008) construct firm specific financial

disclosure measures based on exhaustive set of sources such as management press

releases, news reports, and analyst reports etc. The authors document that nega-

11Since textual analysis is a part of content analysis, in this study we use the term textual analysis
and content analysis interchangeably.
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tive news disclosure is strongly weighted by the market and positive disclosure is

discounted. Similarly, Demers and Vega (2008) examine the impact of the tonality

of the text contained in the managements’ quarterly earnings press releases on ab-

normal stock price and volatility. The authors study whether the soft information

derived from the textual analysis has incremental information relative to the hard in-

formation provided by the management. Further, Henry (2008) analyses the tone of

earnings press releases and document that firm’s abnormal market return increases as

the tone of the press release becomes more positive. In a similar vein, Li (2008, 2009)

examine the relationship between annual report readability and firm performance by

measuring the readability through a statistic that combines the number of words per

sentence and the number of syllables per word. On similar lines, Hanley and Hoberg

(2010), uses content analysis to measure the informative and standard components of

the initial public offering (IPO) prospectus and show that greater informative content

of the IPO prospectus results in accurate offer prices and less underpricing and vice

versa for standard content.

In general, the literature on finance and accounting have accessed various sources

of text to make predictions about future stock performance and to better under-

stand the management’s outlook and disclosure policies. Lu, Chen, Chen, Hung and

Li (2010) has broadly divided the finance related textual analysis studies into three

classifications: (a)content generated by the firm’s management,(b) internet forums,

twitter etc., (c) news articles, and analyst research reports. The focus of the current

study falls under the second classification (i.e. content generated by firm’s manage-

ment), which has superior reliability (see Das, 2014 for a comprehensive survey on

textual analysis) relative to other classifications (i.e. internet sources and news arti-

cles).

Much of textual analysis in finance have used message posted on internet forums

and news articles. For example earlier works by Tumarkin and Whitelaw (2001),
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Antweiler and Frank (2004, 2005), Das and Chen (2007) and Das, Martinez-Jerez

and Tufano (2005) have focused on extracting information from messages posted on

internet forums and message boards. Other works such as Leinweber and Sisk (2011)

uses Thompson-Reuters NewsScope Sentiment Engine (RNSE) to analyze the impact

of tonality on stock returns. Similarly, Brown (2012) looks at the relationship be-

tween tweets and stock prices through several measures. In a similar vein, Bollen,

Mao and Zeng (2010) shows that the direction of stock prices can be predicted using

tweets with an accuracy of 87.6%.

A majority of previous studies focus on predicting future stock price movements

and an overwhelming majority of such studies have relied on the word classification in

the Harvard Psycho sociological Dictionary to categorize the words as either positive

or negative. Recently, Loghran and McDonald [2011, hereafter LM (2011)] show that

the Harvard dictionary list may not be suitable to accurately classify the positive

and negative tone of the words in the financial context.12 Therefore LM (2011)

create a comprehensive wordlist of positive, negative, modal, litigious, uncertainty

and constraining based on the SEC 10-K reports. 13 Specifically LM (2011) use the

inverse document frequency (idf) as a weighting approach for word to modify the

term frequency counts in the 10-K documents. The idf for word j would be

widf
j = ln(

N

dfi
)

Where N is the total number of documents, and dfi is the number of documents

containing word j. The idf weighting scheme was proposed by Manning and and

Schütze (1999). Through the idf weighting scheme LM (2011) arrive at the following

weight on word j

wij = max(0, 1 + ln(fij)w
idf
j )

12LM (2011) show that almost 75% of the negative word counts in 10-K reports based on the
Harvard wordlist are not negative in financial context. For example, depreciation, tax, liability and
board are considered negative under Harvard wordlist.

13Available at https://sraf.nd.edu/textual-analysis/resources/
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Where fij is the frequency of the word j in document i. Following the above weight

LM (2011) compute the document score as follows:

SLM =
1

1 + ln(ai)

J∑
j=1

wij

Where SLM stands for LM (2011) score, ai is the total number of words in the

document i, and J is the total number of words in the lexicon. Overall, LM (2011) in

their study show that negative wordlist has improved explanatory power relative to

the Harvard list. On similar lines, Jegadeesh and Wu (2013, hereafter JW) argue that

the previous studies on textual analysis typically measure the tone of the document

through the ratio of negative or positive words to total number of words within a

given document. This approach implicitly assumes equal weighting scheme for all

words within a given category. However, the authors propose a new approach, which

builds on the positive and negative wordlist by LM (2011) and objectively determines

the strength of various words in the lexicon to measure the toe of 10-Ks. Specifically

JW (2013) compute a document score as specified below:

SJW =
1

ai

J∑
j=1

wijfij

Where, SJW stands for JW (2013) score, wi is the weight for word j. Furthermore,

JW (2013) find several new results in their study, first they find that their document

score has very low correlation with the score computed by LM (2011) using an identi-

cal wordlist. Second, the authors document that stock market does not ‘react’ during

the 10-K filing period. In addition, JW (2013) extend their lexicon to compute the

document score of IPO prospectuses and find negative relationship between tone and

IPO underpricing.

As highlighted in LM (2011) and earlier studies textual analysis can help us to

understand the information content in company released documents such as 10-K, 8-
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K reports and earnings press releases. In the current study, we build on the previous

work of LM (2011) and JW (2013) to examine the relationship between tonality of

10-K reports and quarterly fund returns. To examine whether textual tone has signif-

icant correlation with fund returns we draw the intuition from earlier works of Fama

and French (1993) and Carhart (1997). Given the importance of size, book value and

risk factors highlighted by Fama and French (1993) and momentum anomaly by Je-

gadeesh and Titman (1993) in explaining stock returns, we argue that the qualitative

aspect of textual tone could have incremental explanatory power. Since firms use

their annual filings (i.e. 10-K reports) to disclose information to current and future

investors, understanding the tonality of such annual filings can provide better insights

into investor’s portfolio returns in the future.

1.3 Constructing the TONE factor

Our empirical tests use data from three sources. First, we obtain the Loughran and

McDonald’s (hereafter LM wordlist) positive/negative wordlist and from the authors’

website. Second, we obtain the monthly Fama and French (1993 and 2015) factors

(i.e. SMB, HML, Rm − Rf , CMA, and RMW ) and momentum factor (MOM ) from

Kenneth French’s website for the sample period January 1994 through December

2016. Third, we obtain the monthly stock returns, monthly index returns, month

end market value from the Center for Research in Security Prices (CRSP) as well as

accounting information such as annual book value and shares outstanding from the

Compustat Annual Fundamental files. Following prior studies, we restrict the sample

to NYSE, AMEX and NASDAQ stocks only with share codes of 10 and 11 both on

CRSP and Compustat. In addition, we use the following criteria to construct the

sample for the analyses.
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• We consider only the initial 10-K filing in a given year by a given firm. That is,

we exclude subsequent amendments to the initial 10-K that are filed by many

firms over the course of the year.

• Since SEC, EDGAR identifies the firms through Central Index Key (CIK). We

use the WRDS CRSP-COMPUSTAT database to match the CIKs in EDGAR

and WRDS. We exclude all firms for which we not able to match the CIKs

between the two databases.

• The analyses use various accounting and financial variables such as market

capitalization and stock returns. We exclude all firms for which we do not have

these data.

• We require that the firms should have a closing price of at least $3 on the filing

date to be included in the sample. Eliminating low-priced firms is standard in

textual analyses in finance and empirical asset pricing literature to reduce the

role of bid-ask bounce.

Specifically, we start with a sample of 182,267 10-Ks (excluding duplicates) during

the sample period April 1994 through December 2016. However, the above listed

filters along with the requirement of matching the firms with CRSP/COMPUSTAT

reduces the original sample to 94,239 stock-years.

The fundamental variable we use to identify the tonality of the 10-K document is

the net negative words (pessimism), defined as the number of negative words minus

positive words divided by the total number of effective words in a given 10-K (i.e.

each year for a given firm).14 Since the 10-Ks that are published in a given year (t)

contains accounting and other information corresponding to the previous year (t-1)

along with the forward looking statements in the Management Discussion and Anal-

ysis (MD&A), we create our year t factors based on year t-1 information similar to

14The fraction of negative words has also been used by Tetlock, Saar-Tsechansky and Macskassy
(2008) and Loughran and McDonald (2016).
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the creation of the momentum factor by Carhart (1997). Our goal therefore is to

determine whether the information contained in year t in a given 10-K, is able to

explain stock returns.

At the end of every June, we sort the stocks into the top (and bottom) 30 percent

portfolios based on pessimism corresponding to the 10-K of previous year.15 Next,

we compute the monthly value weighted (by market size) portfolio returns for the

top 30 percent (most pessimistic) and the bottom 30 percent (least pessimistic). The

monthly factor TONE is then constructed as the difference in value weighted monthly

returns between the top and bottom 30 percent portfolios. We employ two models

of performance measurement: the first model consists of the five-factors described in

Fama and French (2015) plus the Carhart (1997) factor as a benchmark model and

in the second model, we add TONE to the first model.16 We use the firm-specific

characteristics in creating double-sort portfolios. Firm size (size) is defined as market

capitalization of equity at the end of June; book to market (bm) is defined at the

annual book value of equity divided by market capitalization of equity; operating

profitability (op) is defined as is annual revenues minus cost of goods sold, interest

expense, and selling, general, and administrative expenses divided by book value of

equity for the last fiscal year end in t-1; investments (inv) is defined as change in total

assets from the fiscal year ending in year t-2 to the fiscal year ending in t-1, divided

by t-2 total assets at the end of each June. Finally, prior year returns () is defined as

15Specifically, we sort each 10-K based on a net measure of the number of negative words minus
the number of negative words divided by the total number of effective words in the document. This
net measure can be more or less net negative. Therefore, the top 30 percent portfolios have stocks
with 10-Ks having the most net negative words and the bottom 30 percent of the portfolios have
stocks with 10-Ks having the least net negative words.

16Thus, SMB is the difference between the returns on the three ‘small’ portfolios minus the
average return on the three ‘large’ portfolios. HML is the average return on the two value portfolios
minus the average return on the two growth portfolios. Rm−Rf is the excess market return. MOM
is computed using prior year cumulative returns for the months t-2 through t-12. RMW is the
average return on the two ‘high’ operating profitability portfolios minus the average return on the
two ‘low’ operating profitability portfolios. CMA is the average return on the two ‘low’ investment
portfolios minus the average return on the two ‘high’ investment portfolios.
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t-1 to t-11 month stock returns. These definitions are standard in the asset pricing

literature and are consistent with Fama and French (2015) and Carhart (1993).

1.4 Results

1.4.1 Summary Statistics

Panel A of Table 1.1 presents the average time-series returns associated with each

of the factors used in the current paper. We see that the factor (TONE ) earns a sta-

tistically significant return of 4.08% (t = 3.5) over the sample period of 1994 through

2016. In comparison, SMB earns an average of 9.02% (t= 2.36), HML 1.93% (t=

2.93), MOM earns 4.32% (t =5.02) and CMW and RMA earns 3% (t = 4.26) and

4.52% (t =3.23), respectively. Note that all of these factors clear the stringent Bon-

ferroni adjusted t-statistic of 3.43 set by Harvey et al. (2016) which implies that

TONE is a significant factor.17

Panel B of Table 1.1 reports the time series averages of the pairwise Spearman

rank correlations between all of the factors that we use. This is to ensure that the

underlying information in TONE is not subsumed in the other factors (correlation

ranges between 0.07 and 0.21 with the other factors). While the correlation between

CMA and HML at 0.62 might appear, high but is consistent with 0.69 that has been

reported by Hou et al. (2015).

17We also demonstrate that the average control factor returns from our data and those reported
by other studies on the same factors appear to be comparable. For example, Lewellen (2011) reports
an average SMB of 1.9% (t = 0.94), HML of 4.6% (t = 6.35) and 9.7% (t = 7.14) MOM returns
for his sample: 1980 to 2007. Similarly, Hou et al. (2015) report that the profitability (RMW ) and
investment (CMA) factors earn an average of 7% (t = 4.95) and 5.5% (t = 4.81).
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1.4.2 Portfolio regressions based on one- and two-level sorts

Portfolio sorting approach has been a popular tool in empirical finance to examine

the exposures of a given portfolio returns to the explanatory risk factors. In practice,

a common approach is to sort the stocks into portfolios on a single firm characteristic

and estimate the regression coefficients of portfolio average returns on risk factors (see

Cochrane 2011, p. 1061). Carhart (1997) employs time-series regressions in decile-

sorted portfolios to show that the factor risk premia of the 4-factor model indicate

the average returns attributable to the risk factors. Similarly, Lakonishok, Schleifer

and Vishny (1994) examine the returns of the decile-sorted portfolios based on bm,

earnings to price (E/P) and cash flow to price (C/P).

However, Asparouhova, Bessembinder and Kalcheva (2010) show that noisy prices

lead to both biased intercepts and biased coefficient estimates in OLS regressions with

returns as the dependent variable. They, therefore, suggest estimating such regres-

sions using weighted least squares (WLS) since WLS assigns appropriate weights

for small and large firms, thereby correcting for any biases created by noisy stock

prices. They consider three weighting methods: value weighting (weights based on

prior-month market value), return weighting (weights based on prior-month returns)

and annual value weighting (weights based on prior-December market value) meth-

ods in the WLS regressions. The authors conclude that value-weighting and return-

weighting methods have the least bias relative to the equally weighted approach of

OLS. We too use the WLS regression approach using value-weighting.

At the beginning of every June, we form ten value-weighted (decile) portfolios of

stocks using pessimism. The portfolios are rebalanced every year given the annual

nature of the 10-K. Stocks in Decile 1 (Decile 10) are further divided into 1A, 1B and

1C (10A, 10B and 10C) corresponding to the top 30%, middle 40% and bottom 30%.

These sub-portfolios are formed simply to examine the relative correlation between
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the risk factors and excess stock returns. Each decile portfolio (and sub-portfolio)

consists of a monthly time-series of 273 returns from 1994 to 2016. Next, we estimate

the portfolio performance by employing the following two models for each of the

portfolios:

EX RET =at + bt(Rm −Rf ) + st(SMB) + ht(HML) +mt(MOM) + ct(CMA)

+ rt(RMW )

(1.1)

EX RET =at + bt(Rm −Rf ) + st(SMB) + ht(HML) +mt(MOM) + ct(CMA)

+ rt(RMW ) + et(TONE)

(1.2)

where EX RET is the value-weighted average return on a portfolio in excess of the

one-month T-bill return; (Rm − Rf ) is the excess return on the value-weighted mar-

ket proxy and SMB,HML,MOM, CMA, RMW and TONE are factors capturing size,

value, momentum, operating profitability, investment and pessimism, respectively.

In Table 1.2, we report the time-series regressions for each of the 10 portfolios and

the sub-portfolios, where Decile 1 consists of stocks with the smallest pessimism (i.e.

least pessimistic portfolio) and Decile 10 consists of stocks displaying the largest pes-

simism(i.e. most pessimistic portfolio). In Eq. (1.1), the spread in the alpha (the

intercept) between the Decile 1 and Decile 10 is 27 basis points per month (3.2 percent

per year). In contrast, the spread in Eq.(1.2) is 5 basis points per month (0.6 percent

per year), indicating that TONE captures more of the spread in the seven-factor

model. Further, within Decile 1 (and Decile 10) we construct three sub-portfolios

namely 1A, 1B and 1C (10A, 10B and 10C). For example, the sub-portfolios 1A (1C)

correspond to least (most) pessimism. Similarly, within Decile 10, the sub-portfolios

10A (10C) correspond to the least (most) pessimism. We compare the spreads in in-

tercept between extreme portfolios that is the portfolio capturing the least pessimism

(1A) and most pessimism (10C). We find that the six-factor model has a larger inter-

cept relative to the seven-factor model (i.e. portfolio 1A has the monthly intercept of

1.12 basis points and portfolio 10C has the intercept of 0.66 basis points), suggesting
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that the model with TONE explains most of the spread. In other words, the lower

spread in intercept shows that TONE, when added to the six-factor model, is able to

explain more of the cross-sectional return variation of the corresponding portfolio. In

addition, the factor sensitivities in the seven-factor model explain a significant pro-

portion of the return variation suggested by a higher adjusted R2 of 0.92 compared

to 0.87 in the six-factor model. The pattern in the extreme portfolios is still evident

in Deciles 1 to 3 (Deciles 6 – 10) for strong positive (negative) correlation between

TONE and EX RET.

The positive relationship between TONE and portfolio excess returns for the least

pessimistic group can be explained by the findings in LM (2011), who show that firms

reporting fewer negative words display a more positive reaction over the filing date

window. Similarly, Heston and Sinha (2017), using the Harvard dictionary, show that

the positive net sentiment measure (positive words minus negative words) results

in higher stock returns over a window of one to four trading days. The negative

relationship can be explained in light of the findings in Tetlock et al. (2008), who

use the Wall Street Journal (WSJ) and Dow Jones News Service (DJNS) news stories

about the S&P 500 firms between 1980 and 2004 and show that a higher percentage

of negative words results in a lower standardized unexpected earnings. Similarly, LM

(2011) show that 10-K documents that use more negative words have lower filing

date returns. Thus, a non-positive relationship in five out of the 10 decile portfolios

suggests that investors view relative pessimism as a signal of reduced future cash flows

(see also, Huang, Teoh and Zhang, 2014). We note that the control risk factors are

consistent in sign and significance to the various existing studies cited in the paper.

Upon re-estimating the model by using AB RET and find (unreported) similar results

as our regressions with EX RET.
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1.4.3 Factor spanning regressions on six factors

A skeptic might suggest that the risk elements captured in TONE are not unique

and are instead elements from the other established risk factors that are being chan-

neled through an alternative qualitative route. In other words, the tonality of the

documents is picking up the same risk factors through a different channel. To inves-

tigate this, we estimate a monthly time-series regression with TONE as a dependent

variable and the remaining six factors as the RHS variables. The intuition of this

regression estimation is that if these six factors can explain TONE, then these fac-

tors can also absorb the portion TONE explains excess returns.18 Thus if TONE

captures incremental information about excess stock return Fama and French (2015)

argue that the five-factor model does not improve the model’s performance compared

to the model where HML is dropped (i.e. four-factor model with the factors SMB,

Rm − Rf , RMW and CMA). The authors show that HML is a redundant factor

through estimate regressions of each of the five factors on the other four. urns, over

and beyond the other factors, we should expect a statistically significant intercept

from the regression of the six factors on TONE.

Table 1.3 shows the regressions of the six factors on TONE. Specifically, we use

TONE as the dependent variable with the remaining six factors as the RHS variables.

In the monthly time-series regression we find that the intercept is 0.21 (t = 2.14). The

significant intercept suggests that the explanatory power of TONE is not absorbed by

the other six factors. Further, in the TONE regression, we find that the coefficients

for HML and CMA are positive and significant at 1%, while the coefficient for SMB

is significant at 10%. However, we find that RMW has a negative and significant

relationship with TONE. The regression in Table 6 shows that SMB, HML, CMA

and RMW explain some of the variation in TONE. The result from this test provides

18Fama and French (2015) argue that the five-factor model does not improve the model’s perfor-
mance compared to the model where HML is dropped (i.e. four-factor model with the factors SMB,
Rm −Rf , RMW and CMA). The authors show that HML is a redundant factor through estimate
regressions of each of the five factors on the other four.



18

evidence that the information content in TONE is not subsumed by other factors and

strengthens our argument that quantifiable information when coupled with qualita-

tive information provides a better description of the excess stock returns.

The extant empirical asset pricing literature establishes that firm specific char-

acteristics like size, bm, op, invand pr(these are the primitives behind the factors,

SMB, HML, RMW, CMA and MOM, respectively) explain most of the variation in

stock returns. Additionally, the textual analysis literature has shown that tonality

explains variations in stock returns (see, Das, 2015, for a review). Therefore, we too

control for both the pessimism as well as each of the five primitives, one at a time

(i.e., double sorts with pessimism as the first sort in each instance), to investigate

the explanatory power of TONE in the double sorted portfolios in the extreme tertiles.

Panel A - E in Table 1.4 present the results for each of the double sorted portfolios

on the lines described above. Specifically, from Panel A we find that the coefficient

estimate of TONE in the large stock – most pessimism portfolio is 0.627 (t - stat =

18.36); for the large stock – least pessimism portfolio is -0.373 (t-stat = -11.65); for

the small stock - least pessimism portfolio is 0.194 (t - stat = 1.9). Thus, for large

stocks TONE has a significant relationship with returns, whereas for the small stocks

TONE has significant relationship with only the least pessimistic portfolio. In Panel

B, we find that the coefficient of TONE for large bm- least pessimism is -0.378 (t -

stat = -4.15); for small bm– least pessimism is -0.295 (t-stat = -4.75); for small bm–

most pessimism is 0.62 (t - stat = 8.13). Thus, for least (most) pessimism stocks

TONE appears to have a significantly negative (positive) relationship with excess

returns. Likewise, in Panel C, we find that the coefficient of TONE in the small pr–

most pessimism portfolio is -1.252 (t-stat = -4.85); for the large pr– most pessimism

portfolio is -0.813 (t-stat = -4.52). Thus, independent of past returns, TONE appears

to have a negative relationship with returns for the most pessimistic stocks. In Panel

D, the coefficient estimate of TONE for the large op – least pessimism portfolio is
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-0.368 (t-stat = -7.45); for the small op – most pessimism portfolio it is 0.711 (t-stat

= 4.99); for the large op – most pessimism portfolio it is 0.62 (t-stat = 9.99). Thus,

the most pessimistic portfolio with profitable stocks appear to have a negative rela-

tionship between TONE and excess returns. Finally, in Panel E, we find that the

coefficient estimate of TONE in large inv– least pessimism is -0.278 (t-stat = -3.87);

for the small inv– least pessimism portfolio it is -0.354 (t-stat = -3.22); for the large

inv– most pessimism portfolio it is 0.619 (t-stat = 6.89); and for the small inv– most

pessimism portfolio it is 0.771 (t-stat = 5.72). For the most pessimistic stocks with

large investments, TONE has a positive relationship with excess returns.

The results in Panel A can be explained by previous literature, which has docu-

mented that firm size and book-to-market are known to be the main determinants

of the document tonality (Das, 2015; Tetlock et al. 2008, JW, 2013). Firm size

proxy for the risks and book-to-market proxy for growth. Among these firm-specific

characteristics, size is the fundamental determinant of disclosure information in 10-K

filings. The earlier works of Singhvi and Desai (1971) and Moore and Buzby (1972)

show that size is a primary determinant of corporate disclosure. Specifically, these

authors document that large firms have higher disclosure quality relative to small

firms and large firms have stronger motivation to disclose more information. There-

fore, we see that the large stocks have significant relationship between TONE and

returns. In addition, large firms tend to be more complex and have more varied

operations. This characteristic implies higher risk levels, which translate into higher

information asymmetry among investors (Deumes and Knechel, 2008). According to

agency theory, risk reporting may reduce agency costs and information asymmetry

between managers and shareholders (Watts and Zimmerman 1983). Management of

large firms are more likely to be cautious in their discussions (resulting in relatively

less optimism) because larger firms are sensitive to lawsuits (Buskirk and Zechman,

2011).19 Therefore, to mitigate litigation risk and agency costs large firms increases

19The authors use 165 lawsuits filed between 2003 and 2008 and show that firms with optimistic
disclosure tone have a higher likelihood of shareholder litigation than other firms.
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its risk-related disclosure (Oliveira, Rodrigues and Craig, 2011). Likewise, the results

in Panel B imply that the smaller bmstocks are valued for their growth opportunities

and are more likely to explain the risks in their businesses. For example, Khurana,

Pereira and Martin (2006) show that risk disclosure enables growth firms to obtain

external financing easily.Additionally, the small bm stocks are typically growth firms

and are risky so the managers in such firms have an incentive to lower the uncer-

tainty. Therefore, more pessimism in risky stocks may reduce uncertainty regarding

cash flows and business outlook. Additionally, theoretical and empirical research ar-

gue that firms with high levels of risk disclosures reduces information asymmetry

between informed and uninformed investors and improves stock liquidity (Diamond

and Verrecchia, 1991; Kim and Verrecchia, 1994; Healy and Pelpu, 2001).20 Thus, we

see that the portfolio with smaller bm stocks have a significantly positive relationship

between TONE and returns.

In Panel C, among the most pessimistic group, there is a negative relationship

between current excess returns and TONE, that is independent of past performance

(captured by Momentum), or positive excess returns is correlated with lower TONE.

Thus, past performance does not appear to matter in the relationship between TONE

and excess returns. One possible explanation of this finding is that TONE dominates

momentum.

The results in Panels D might be explained in light of managers in most prof-

itable and least pessimistic firms have greater incentive to signal the quality of their

performance and convey good news (relative to bad news) in order to avoid under-

valuation of their shares (Giner, 1997). Elshandidy, Fraser, and Hussainey (2013)

argue that risk disclosure may reduce uncertainty regarding future cash flows. In

20A study (“User perspective on financial instrument risk disclosures under international financial
reporting standards”) by CFA institute highlight that market participants such as investors and
analysts prefer to have the risk information explained qualitatively and summarized in the 10-k
documents.
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addition, managers are inclined to communicate risk-related information to improve

the corporation’s image (Iatridis, 2008). In contrast, the result for most profitable

firms disclosing bad news results in a lower return associated with TONE consistent

with the signaling theory. Therefore, firms that explain the risks through usage of

negative words have a negative relationship with performance.

The result in Panel E is implies that firms with the least pessimism are profitable

in comparison to firms with most pessimism.

1.4.4 Individual stock-level regressions

In a stark deviation from the portfolio based approach of investigating for the

significance of factors in explaining excess returns, Ang, Liu and Schwarz (2019) take

the position that creating portfolios would result in loss of information and estimation

efficiency. They further show, both theoretically and through simulations of empirical

data, that the estimates for Rm−Rf have a positive and significant relationship with

excess returns when individual stocks are used while these estimates are statistically

insignificant when used in portfolio level regressions. The authors show that that

individual stock regressions display smaller standard errors of the factor risk premia

while the act of forming portfolios washes away firm-specific information. Accord-

ingly, they propose and estimate two-pass individual stock level regressions where,

in the first step, they estimate individual stock time-series of excess returns on the

factors. This yields the estimated coefficients (i.e. βs) for each stock. In the second

step, they estimate a cross-sectional regression of the excess stock returns on these βs.

Thus, to ensure that our portfolio level regressions are not similarly affected, we

follow and amplify the Ang et al. (2019) regression method by using both WLS

and OLS estimations. Table 5 reports the results for individual stock regression

estimations. In Col 2, of Table 5 we present the present the Ang et al. (2013) OLS
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estimation and in Col 4 we present the estimates of the WLS regression. We find that

the coefficient estimate of TONE for Ang et al. method is 0.01, (t - stat = 2.5) and

the coefficient estimate for WLS method is 1.565, (t - stat = 1.98), confirming that

our estimations are not biased. In sum, the individual stock-level regressions provide

further evidence that TONE can significantly explain the excess stock returns when

other risk factors are appropriately accounted for.

1.4.5 Directly confronting the factor zoo problem

We have so far estimated the marginal contribution of our TONE factor against

the six established factors in the asset pricing literature which includes the five Fama

and French (2015) factor and Carhart’s (1997) momentum factor. Therefore, for ex-

ample, the size factor premium is the difference in returns between the largest stocks

and the smallest stocks in the CRSP universe. Similarly, TONE factor premium is

the difference in returns between the stocks associated with the most pessimism in

their 10-Ks and the stocks associated with the least pessimism in the same annual

filings. However, given the extensive documentation of the factor zoo issue whereby

hundreds of factors have been discovered over the past decade, mostly through data

mining, or the zoo of factors, it is reasonable to ask how TONE compares relative to

the zoo.

Harvey, Liu and Zhu (2016) present a multiple testing framework to derive a

threshold t – stat cutoff to classify the truly significant factors. The authors evaluate

316 significant published factors and highlight that the usual cutoff level of statistical

significance is not appropriate, and any newly constructed factor should clear the

threshold t - stat of at least 3.0. Therefore, they provide a guidance as to the appro-

priate significance level a given factor should be compared against. To do so, they

follow the statistics literature in employing three p-value adjustment methods: Bon-

ferroni’s adjustment, Holm’s adjustment and Benjamini, Hochberg and Yekutieli’s
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adjustment.21 Furthermore, based on the p-value adjustments Harvey et al. obtain

three benchmark p-values, with a corresponding t - stat of 3.54, 3.20 and 2.67 for Bon-

ferroni, Holm and Benjamini, Hochberg and Yekutieli’s adjustments, respectively. In

general Bonferroni’s and Holm’s adjustments result in higher rejection rates than the

third method (see also Sethuraman et al., 2019).22

We also provide another way of establishing that TONE is a true factor. Hou et

al. (2018) replicate the 452 distinct factors that have been documented in the recent

finance literature. They use a multiple testing framework to derive a benchmark t-

stat of at least 2.78 for the return difference between any given factor’s top and bottom

decile portfolios. In addition, they also suggest employing value-weighted returns in

portfolio sorts rather than equal-weighted returns and estimate cross-sectional WLS

regressions to clear the acceptable standard. By that standard, we find that the value-

weighted returns associated with TONE displays a t- stat of 3.5 and the t - stat is 13.4

for multivariate returns associated with TONE between the top and bottom decile

portfolios indicating that TONE clears the minimum threshold of 2.78. In addition,

we also construct our portfolios using value-weighted returns to account for large and

small firms in section 1.4.2 and we estimate the cross-sectional regressions using WLS

method in section 4. Therefore, based on all of these tests the level of significance of

TONE implies that TONE might be deserving of being labeled as a true factor.

1.5 Weighted TONE factor

In this section, we use the approach taken by Jegadeesh and Wu (2013) who ob-

jectively determine term weights associated with each of the positive and negative

21Specifically, the Bonferroni’s adjustment controls the family-wise error rate (FWER), whereas
the Holm’s and Benjamini, Hochberg and Yekutieli’s adjustment control for false discovery rate
(FDR). In general, the FWER is a more stringent adjustment than FDR. Also, the Bonferroni’s
adjustment is known to be the most stringent test among the three methods (Sethuraman, Gonzalez,
Grenier, Kansagra, Mey, Nunez-Zavala and Wulf, 2019).

22Harvey et al. (2016) suggest that all is not lost if a factor fails to clear the p-value adjustments
as long as the factor clears the t-stat of 3.0 and is motivated by a theory rather than by a purely
empirical exercise.
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words found in the LM wordlist and apply it to 10-Ks. The authors argue that

weighting the positive and negative words appropriately, can provide reliable estima-

tion. Furthermore, they show that their approach reliably quantifies the tone of IPO

prospectuses as well, and we find that the document score is negatively related to

IPO underpricing. Accordingly, we first obtain the term weightings for each negative

word for the sample period of 1995 through 2010.23 Further, we extract the negative

words for each firm during the sample period and assign the weights. Finally, we

compute a weighted document Score for the negative words for each of the 10-Ks.24

To construct the weighted measure of TONE, we follow similar steps as detailed in

Section 1.3. Next, we estimate Eq. (1.1) and (1.2) on the decile sorted portfolios.

Decile 1 (Decile 10) corresponds to stocks associated with the least (most) pessimism.

From Table 1.7 we find that the correlation between TONE and EX RET in the

decile portfolios is similar to that in Table 1.2. For example, we find that the average

excess returns for Deciles 2 through 4 is strongly positively correlated with TONE

with estimates of (0.195, 0.491, and 0.721). While, the average excess portfolio returns

for Deciles 7 through 10 is strongly negatively correlated with TONE at the 1% level

(estimate = -0.23, -0.479, -0.424, -0.389). Other factors display similar signs and

significance as in Table 1.2. Further, in unreported tests, we repeat the regressions

for the double sort approach as in Table 1.4 and find similar results. In addition to the

portfolio regressions, we also perform the individual stock level estimation procedures

for the reasons mentioned in section 1.4.4. In unreported results, we find that the

coefficient estimates for TONE is positive and significant under both the estimation

23The term weightings for the positive and negative wordlists are available on Di Wu’s website.
24Specifically, we compute the weighted Score as follows:

Score
(tf,idf)
i =

1

1 + logai

J∑
j=1

wjFi,j

where ai is the total number of words (positive or negative) in document j and I is the total number
of positive or negative words in the lexicon, wj is the weight for each word (JW list) and F(i,j) is

the number of occurrences of word j in ith document.
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methods. For example, the coefficient estimate for Ang et al. method is 0.08, (t-stat

= 4.73); the coefficient for the WLS method is 1.592, (t - stat = 2.72) and the). More

importantly, we find that the t-statistics of TONE is higher relative to those in Table

1.6. Hence, our results appear robust to alternative approaches to the construction

of TONE.

1.6 Conclusion

In this paper, we consider potentially the most significant document released by

a publicly traded entity: its annual 10-K filing, and construct a document tonality

factor TONE, which we then use to demonstrate that TONE significantly explains

the cross section of stock excess (and abnormal) returns even after controlling for

previously known factors such as the HML, Rm − Rf and SMB (the original FF

factors); the momentum factor and the two additional factors introduced by Fama

and French: RMW and CMA. We further show that TONE is positively (negatively)

related with returns for stocks with least (most) pessimistic 10-Ks. Through sorts

based on specific firm characteristics where TONE is allowed to float freely, we show

that the portfolio of small, and low book-to-market, stocks present a cautious outlook

of their risk factors by employing a relatively pessimistic view in their 10-Ks. We also

show that portfolios of stocks with weak past performance and high pessimism are

both associated with lower returns. Finally, we show that TONE is a truly discov-

ered factor based on tests suggested by Harvey, Liu and Zhu (2016) which are also

consistent with cutoffs provided in Hou, Xue and Zhang (2018).

Our study is the first to our knowledge that rigorously establishes the descriptive

aspects of a publicly traded entity’s 10-K document as a priced risk factor that stands

apart from the other quantitative risk factors. Our research opens the door to future

work establishing how qualitative information associated with companies can be used

to provide investors, academics and policy makers with a relatively complete picture
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of a publicly traded company’s operations in an increasingly complex and global

environment.
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Table 1.1.: Descriptive statistics

This table presents descriptive statistics of the factors used in our analyses. Panel
A reports the average annual factor returns over the sample period 1994 to 2016.
TONE is constructed as the difference in value weighted stock returns between the
firms that are in top 30% of the pessimism every month and the firms in bottom 30%
of pessimism. SMB is the difference between the returns on the three ‘small’ portfo-
lios minus the average return on the three ‘big’ portfolios. HML is the average return
on the two value portfolios minus the average return on the two growth portfolios.
Rm−Rf is the excess market return. MOM is computed using prior year cumulative
returns for the months t − 2 through t − 12. RMW is the average return on the
two ‘high’ operating profitability portfolios minus the average return on the two ‘low’
operating profitability portfolios. CMA is the average return on the two ‘low’ in-
vestment portfolios minus the average return on the two ‘high’ investment portfolios.
Panel B, reports time-series averages of Spearman rank correlation between factors.

Panel A: Average annual factor returns

Factors Average returns (%) T-stats (H0 = 0)

TONE 4.08 3.50
SMB 9.02 2.36
HML 1.93 2.93
MOM 4.32 4.32
CMA 3.00 4.26
RMW 4.52 3.23

Panel B: Spearman rank correlation between factors
SMB HML MOM Rm −Rf CMA RMW TONE
SMB 1
HML 0.449 1
MOM -0.461 -0.499 1
Rm −Rf 0.074 -0.031 -0.350 1
CMA 0.302 0.620 0.006 -0.286 1
RMW -0.241 0.390 0.141 -0.628 0.323 1
TONE 0.216 -0.198 0.072 -0.145 0.134 -0.173
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Table 1.3.: Regressions for decile portfolios formed on pessimism

This table presents the spanning regressions for the factors, where the five factors
explain the returns on the sixth. TONE is constructed as the difference in value
weighted stock returns between the firms that are in top 30% of the pessimism every
month and the firms in bottom 30% of pessimism. SMB is the difference between
the returns on the three small portfolios minus the average return on the three large
portfolios. HML is the average return on the two value portfolios minus the average
return on the two growth portfolios. Rm − Rf is the excess market return. MOM
is computed using prior year cumulative returns for the months t-2 through t-12.
RMW is the average return on the two high operating profitability portfolios minus
the average return on the two low operating profitability portfolios. CMA is the
average return on the two low investment portfolios minus the average return on the
two high investment portfolios. The standard errors are robust and heteroscedasticity-
adjusted. *,**,** represent statistical significance at 10%, 5% and 1% respectively.

Dependent variable Intercept TONE SMB HML RMW CMA Rm-Rf Mom Adjusted R2

TONE 0.219** 0.062 0.181 -0.372 0.173 0.045 -0.024 0.372
T-stat 2.140 1.770 3.860 -7.690 2.730 1.640 -1.180
SMB 0.291 18.545 0.069 -0.544 0.048 -0.012 0.069 0.249
T-stat 1.630 1.280 0.760 -4.500 0.390 -0.210 1.190
HML -0.246* 0.037 29.062 0.511 0.773 0.108 -0.113 0.577
T-stat -1.680 0.760 3.060 7.140 8.840 2.390 -4.100
RMW 0.518*** -0.236 0.413 -48.401 -0.055 -0.176 0.030 0.594
T-stat 4.680 -4.940 6.770 -5.420 -0.570 -5.560 0.730
CMA 0.226** 0.014 0.430 -0.038 15.515 -0.144 0.044 0.504
T-stat 2.120 0.390 11.330 -0.570 2.560 -5.020 1.750
Rm-Rf 1.022*** -0.019 0.326 -0.656 21.952 -0.779 -0.139 0.363
T-stat 4.760 -0.220 2.450 -5.850 1.720 -4.750 -2.690
Mom 0.537 0.203 -0.617 0.201 -21.216 -0.252 0.434 0.153
T-stat 1.610 1.330 -3.420 0.750 -0.570 -2.660 1.450
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Table 1.6.: Stock-level regressions of TONE on EX RET

This table reports the cross-sectional regressions of TONE on EX RET for all the
stocks during the sample period 1994 -2016. We stack all the stocks’ excess returns
into one panel and run a first-pass time series regression with average value weighted
monthly EX RET as the dependent variable for each stock across the 273 months
during our sample period. We use the first-pass OLS estimates of betas and estimate
the coefficients in a second-pass cross-sectional regression. EX RET is the monthly
stock returns in excess of one-month U.S. Treasury bill rate. TONE is constructed
as the difference in value-weighted (by size) stock returns between the firms that are
in top 30% of the pessimism every month and the firms in bottom 30% of pessimism.
In the second column we present the estimates from their second pass stock-level
regression model using the Newey- West adjusted version of the Fama and McBeth
(1972) regressions. In the fourth column we also present the Fama and McBeth (1972),
weighted least squares (WLS) regressions using t − 1 stock returns as the weighting
variable as suggested by Asparouhova et al. (2010). In the sixth column we present
the two-pass estimation method as in Ang et al. (2019) on a stock by stock basis.
SMB is the difference between the returns on the three small portfolios minus the
average return on the three large portfolios. HML is the average return on the two
value portfolios minus the average return on the two growth portfolios. Rm−Rf is the
excess market return. MOM is computed using prior year cumulative returns for the
months t− 2 through t− 12. RMW is the average return on the two high operating
profitability portfolios minus the average return on the two low operating profitability
portfolios. CMA is the average return on the two low investment portfolios minus the
average return on the two high investment portfolios. Alpha is the intercept of the
model. The standard errors are robust heteroscedasticity-adjusted.

Fama-MacBeth (OLS) Fama-MacBeth (WLS) Ang-Liu-Schwarz (OLS)

Variable Estimate t-stats Estimate t-stats Estimate t-stats

Intercept -0.082 -1.65 -0.03 -1.598 -0.21 -519.28
TONE 1.513 1.84 1.565 1.892 0 2.5
SMB 0.002 0.03 0.054 0.082 0.022 1.79
HML -0.016 -0.45 0.036 0.398 -0.032 -2.61
RMW 0.002 0.15 0.054 0.202 -0.032 -2.45
CMA -0.008 -0.81 0.044 -0.758 -0.014 -1.75
Rm −Rf 0.001 0.43 0.053 0.482 0.037 4.81
MOM -0.003 -1.68 0.049 1.628 -0.042 -3.36
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Table 1.7.: Alternative definition of TONE

This table reports the monthly time-series regressions (276 months) of TONE on
EX RET for decile-based portfolios sorted on the negative SCORE each year in April.
SCORE is constructed following the definition of JW (2013). EX RET is the value
weighted average monthly stock returns in excess of one-month U.S. Treasury bill
rate. Stocks with lowest SCORE comprise Decile 1 and stocks with highest SCORE
comprise Decile 10. TONE is constructed as the difference in value weighted stock
returns between the firms that are in 70th percentile of the SCORE every month and
the firms that are in 30th percentile of the SCORE. SMB is the difference between
the returns on the three small portfolios minus the average return on the three large
portfolios. HML is the average return on the two value portfolios minus the average
return on the two growth portfolios. Rm − Rf is the excess market return. MOM is
computed using prior year cumulative returns for the months t − 2 through t − 12.
RMW is the average return on the two high operating profitability portfolios minus
the average return on the two low operating profitability portfolios. CMA is the
average return on the two low investment portfolios minus the average return on the
two high investment portfolios. Alpha is the intercept of the model. The standard
errors are robust heteroscedasticity-adjusted. The t-statistics are in parentheses.

Dependent variable: EX RET

Portfolio ParameterAlpha TONE SMB HML RMW CMA Rm −Rf MOM Adjusted R2

Decile 1 Estimate 1.037 0.195 0.431 -0.005 0.131 0.081 -0.04 0.062 0.33
t Value -5.77 -1.19 -6.07 (-0.080) -0.85 -0.87 (-0.720) -1.7

Decile 2 Estimate 0.582 0.491 0.698 0.122 0.047 -0.01 0.939 -0.163 0.915
t Value -4.5 -5.49 -18.73 -2.2 -0.66 (-0.130) -23.2 (-6.540)

Decile 3 Estimate 0.571 0.721 0.719 0.14 -0.081 -0.011 0.99 -0.222 0.927
t Value -4.41 -7.45 -17.88 -2.47 (-1.070) (-0.140) -28.3 (-6.850)

Decile 4 Estimate 0.712 0.367 0.7 0.085 -0.07 0.141 0.995 -0.17 0.922
t Value -5.5 -3.94 -15.76 -1.56 (-0.950) -1.64 -25.15 (-4.900)

Decile 5 Estimate 0.581 0.111 0.748 0.125 -0.086 0.021 0.979 -0.144 0.938
t Value -5.2 -1.19 -16 -2.29 (-1.410) -0.31 -25.77 (-5.710)

Decile 6 Estimate 0.804 0.033 0.803 0.027 -0.239 0.11 0.976 -0.15 0.941
t Value -6.07 -0.33 -17.36 -0.44 (-3.700) -1.23 -22.59 (-4.300)

Decile 7 Estimate 0.766 -0.23 0.72 0.022 -0.117 0.026 0.941 -0.199 0.935
t Value -5.02 (-2.070) -14.91 -0.32 (-1.550) -0.25 -21.33 (-4.720)

Decile 8 Estimate 0.875 -0.479 0.714 0.087 -0.069 0.033 0.902 -0.144 0.938
t Value -5.94 (-4.300) -17.3 -1.39 (-0.900) -0.32 -20.45 (-6.020)

Decile 9 Estimate 0.514 -0.424 0.712 0.123 0.01 0.034 0.936 -0.193 0.945
t Value -3.95 (-4.820) -15.98 -2.3 -0.13 -0.42 -23.78 (-6.400)

Decile 10 Estimate 0.565 -0.389 0.746 0.116 -0.126 -0.112 0.977 -0.234 0.95
t Value -3.82 (-3.470) -16.33 -1.83 (-1.750) (-1.250) -23.15 (-4.880)
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2. PRICE DISCOVERY IN CORPORATE BOND

MARKETS

2.1 Introduction

Efficient market hypothesis suggests that the information that is relevant to

one market should also affect the other market. Theoretical and anecdotal evidence

of informed trading suggests that an informed investor who holds both the debt and

the corresponding equity securities of an issuer can maximize his profits (see for ex-

ample Back, 1993, Kraus and Smith, 1996, Grossman, 1988, Chang and Yu, 2010).

Informed traders who have access to private information can choose to trade in debt

or equity markets because an informed trader might reveal his information by ag-

gressively trading in stocks or options. Additionally, corporate bond markets are

subject to less scrutiny for insider trading. Therefore, we would expect some of the

new information about the stock price to be reflected in corporate bond markets first.

An important approach in examining how new information is incorporated into se-

curity prices is through determining the price discovery across markets. Hasbrouck

(1995) pioneered the early price discovery literature, contemporaneously Gonzalo and

Granger (1995) proposed an approach to measure the contribution of each market’s

price impact.

The current paper examines the level of price discovery in stock and corporate

bonds in an effort to understand where the informed traders trade and investigate the

role of corporate bond market’s price discovery using the Hasbrouck’s (1995) informa-

tion shares approach. Our research question is motivated by the strand of literature

that provides evidence of significant informed trading in US corporate bond mar-

kets prior to important corporate events such as earnings announcements (Wei and
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Zhou, 2016), prior to acquisition announcement (Kedia and Zhou, 2014). Similarly,

Bodnaruk and Rossi (2013) document that institution holding both equity and debt

securities of a given firm benefit significantly from the price appreciation during the

MA events.

This paper contributes to the research in various ways. This is the first paper

that measures directly the percentage of price discovery of corporate bonds and pro-

vide evidence of price discovery in bond markets. Another objective of this study

is to investigate the lead-lag correlation between stocks and bonds of a given firm.

Since, stocks and bonds account for a dominant share in all traded financial assets,

understanding the correlation between equity and corporate debt securities play an

important role in investors’ diversification, risk management and asset allocation de-

cisions. Although, conventional wisdom and academic studies (Fleming, Kirby and

Ostdiek, 2003; Gulko, 2002; Li, 2002 and Hartmann, Straetmans and Devries, 2001)

indicate a negative correlation between stock returns and long-term treasuries, there

is substantial variation in the relationship between stock and bond returns over the

short term. Not surprisingly, given the macro nature of these studies we cannot ex-

trapolate the firm-specific correlations between stocks and bonds. We extend prior

work by examining whether the variation in stock-bond return relation is prevalent in

a specific type of firm. Our motivation follows from literature on cross-market hedg-

ing by Fleming, Kirby and Ostdiek (1998) and Chordia, Sarkar and Subrahmanyam

(2001), and stock market uncertainty (Connolly, Stivers and Sun, 2005; Vironesi,

1999).

Most existing studies on joint correlation between stock and bond have taken a

traditional, fundamental approach and have examined monthly or annual return data.

For example, Campbell and Ammer (1993) discuss several offsetting effects behind

correlation between stock and bond returns. In their monthly, return sample over

1952 to 1987 the authors find that the overall correlation changes as macro-economic
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conditions change. The authors show that changes in real interest rates promotes

positive correlation, change in expected inflation promotes negative correlation and

expected returns promotes positive correlation. Similarly, previous studies explore

the overall linkages between stock and bond markets (Shiller and Beltratti, 1992,

Fama and French, 1989, Barsky, 1989 and Keim and Stambaugh, 1986). Further,

Scruggs and Glabadanidis (2003) find that the conditional correlation between US

stock market and bond market returns has varied considerably over the post-war pe-

riod. While the aggregate stock-bond correlation in important in asset allocation the

relevance of firm specific return relationship is not clear from the existing studies. In

the current study, we propose an empirical investigation at a micro level the return

correlation between corporate bond securities and equities.

Although, the above-mentioned studies have focused on capturing the informa-

tiveness of corporate bond market using the lead-lag relationship, the results are at

best inconclusive regarding the lead-lag relationship between the bonds and equity of

a given firm. For example, Ronen and Hotchkiss (2002) do not find any lead-lag cor-

relation between stocks and bonds for high-yield firms, whereas Downing, Underwood

and Xing (2009) find that high-yield stocks lead bonds. Additionally, as Hasbrouck

(1995), Chakravarty et al (2004) and several subsequent studies have pointed out

that the information share and the lead-lag relationships capture different aspects of

informativeness. For example, the vector error correction model (VECM) generally

followed by empirical studies to measure the price discovery focuses on the permanent

component of price changes. In contrast, the lead-lag relationship tend to combine

the permanent and temporary price changes. Also, Hasbrouck (1995) argues that

when cointegration is present in the price series information share provides a precise

estimate of price discovery.

Previous studies that have examined the informational role of corporate bond

markets are restricted to relatively smaller sample and to high yield firms (for ex-
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ample Ronen and Hotchkiss, 2002; Alexander, Edwards and Ferri, 2000). The recent

study by Downing et al (2009) use the over the counter (OTC) bond market data by

TRACE during July-2002 and December-2005.1 In our study by employing a large

dataset of corporate bonds traded during the sample period 2002 through 2014, we

find that, US corporate bonds have an average information share of 18.68%. We also

find that the information share of high-yield bonds is significantly greater than in-

vestment grade bonds. It appears that the corporate bond markets have a significant

role in price discovery. Additionally, through our daily vector auto-regression (VAR)

estimates we find that corporate bonds have a significant informational advantage

for investment grade bonds where we find that bond return leads stock returns for

high-yield bonds.

The rest of this paper is organized into four sections. Section 2.2 provides the

background literature on price discovery and lead-lag studies. Section 2.3 provides

details of the data sources and our sample construction. Section 2.4 discuss the

summary statistics and the empirical results. Section ?? provides the robustness

tests and section ?? provides concluding remarks.

2.2 Background literature and hypotheses

Our paper is related to price discovery in corporate bonds and stocks and informa-

tional advantage in bonds. There is limited prior evidence regarding the contribution

of corporate bonds in price discovery. The seminal work of Merton (1974) posits that

both equity and debt securities are derivatives of the underlying assets of the firm.

They imply that both of these securities are sensitive to information about the assets

of the firm, thus providing an opportunity for the investor to trade and benefit in

these two securities. Several studies have focused on examining whether informed

1Asquith, Covert and Pathak (2019) document that FINRA disseminated trade related infor-
mation through the TRACE data in three phases and the final phase was completed in August
2004. Therefore, most studies that have used TRACE data before April 2004 will not likely have
the complete picture of various types of corporate bonds.
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traders simultaneously trade in multiple markets. For example, Back (1993), Kraus

and Smith (1996), Grossman (1988), Chakravarty et al. (2004), Chang and Yu (2010).

Specifically, Back (1993) theoretically show optimal trading strategy in stock and op-

tion markets for an informed trader. Chakravarty et al. (2004) using transaction

data for stocks listed in NYSE and having options trading in Chicago Board Options

Exchange (CBOE) show that informed traders trade in both stocks and options and

find that options market has a price discovery of 10% to 20%. Chang and Yu (2010)

investigate how firm’s capital structure policy is related to informational efficiency of

prices. The authors argue that informed traders optimally choose to trade in a firm’s

stocks or bonds based on the information conveyed by the security prices.2

The relatively sparse research on the informational role of corporate bond markets

focuses on the lead-lag relationship between debt and equity markets. For example,

Alexander, Edwards and Ferri (2000) using daily data of 51 high yield bonds for the

sample period 1994 to 1997 study the correlation between the returns on the debt

and the returns on stocks of the issuing firms. The authors find a positive correlation

between the excess returns of individual firm’s bonds with the stock returns. Kapadia

and Pu (2012) show that bonds and stocks have a negative correlation in the short

run. There are also studies that examine the informational role of corporate bonds

using other approach than the lead-lag correlation. For example, Blanco, Brennan

and March (2005) test the theoretical arbitrage relationship between credit default

swap (CDS) and credit spreads. The authors find that CDS market leads bond mar-

ket in the determination of credit risk and the CDS market contributes on average

around 80% of the price discovery.

2Other studies that focus on multi-security trading include Boot and Thakor (1993), Admati
(1985), Goldstein, Li and Yang (2013). In a related stream of literature, several studies have focused
on the lead-lag relationships between two markets in determining price discovery. For example
Manaster and Rendleman (1982), show that call option prices contain fundamental information
about stock prices, However, Stephan and Whaley (1990) and Chan, Chung, and Johnson (1993),
have analyzed the lead-lag relationship between options and stocks, and do not find any evidence
that option markets lead price changes in stock markets.
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Evidence of significant informed trading in corporate bonds is provided by pre-

vious studies such as Wei and Zhou (2012), Kedia and Zhou (2014), Bodnaruk and

Rossi (2013), Acharya and Johnson (2010) and Han and Zhou (2014). Specifically,

Wei and Zhou (2012) examine the trading activity in corporate bonds prior to earn-

ings announcements and find a strong evidence of informed trading in bonds. The

authors also show that pre-announcement trading activity can predict the earnings

surprises. Similarly, Kedia and Zhou (2014) show significant informed trading occur

in corporate bonds prior to acquisition announcements. Using mergers and acquisi-

tion (M&A) transactions during 1994 and 2006 the authors find that target bonds

experience an abnormal trading volume prior to the public announcement. Bodnaruk

and Rossi (2013) using a sample of institutional equity holdings during 1999 and 2009

document that often institutions hold both equity and debt securities of a given firm

and the institutions benefit significantly from the price appreciation during the MA

events. However, none of the above papers focuses on the contribution of corporate

bond markets in price discovery.

Investigating the contribution of corporate bonds in price discovery has several

practical implications. First, corporate bond markets provide an additional venue to

exploit the information and offers profitable trading opportunities. As a result, an

informed trader can trade in corporate bonds in addition to stocks and options. Sec-

ond, the literature on informed trading suggest optimal trading strategies including

optimal order size. Extant theoretical research argues that an informed trader tends

to trade gradually in order to profit (Kyle, 1985, Admati and Pfleiderer, 1988, Foster

and Viswannathan, 1993).3 So an informed trader trading aggressively (large order

size) in stocks or options can reveal the information through his trades (Chakravarty,

3Several other papers also examined the impact of trades on prices. See for example, Easley
and O’Hara (1987), Easley and O’Hara (1992a), Easley and O’Hara (1992b), Burdette and O’Hara
(1987), Holthausen, Leftwich, Mayers (1987), Ball and Finn (1989), Seppi (1990), Hasbrouck (1991a),
Hasbrouck (1991b), Grossman (1992), Madhavan and Smidt (1991), Madhavan and Smidt (1993),
Chan and Lakonishok (1993), Chan and Lakonishok (1995), Huang and Stoll (1994) and Keim and
Madhavan (1996).
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2001). Additionally, an informed investor can substitute a certain amount of trad-

ing in stocks and options with corporate bonds to maximize the profits. Third debt

securities are subject to less scrutiny for insider trading relative to stock or option

markets. Hence, we posit that an informed trader chooses to take advantage of the

informational role of corporate bonds. In addition, Caballe and Krishnan (1994)

highlight this point in a generalized setting, where they imply that it is optimal for

an informed investor to trade in all of the correlated security to potentially benefit

from the information. Thus, combining the theoretical frameworks of Caballe, and

Krishnan (1994) and Merton (1974), we suggest that corporate bonds should have a

significant price discovery thus leading lead to our first hypothesis

Hypothesis 1: Corporate bond’s information share is significantly greater than zero.

Given the large size of corporate bond market and the participation of institutional

investors, there is anecdotal evidence of informed traders’ preference to high-yield

corporate bonds.4, 5 In addition, it has been documented in previous studies that

high-yield bonds have higher sensitivity to firm-specific information relative to other

bonds. Therefore, we expect to see a significantly higher information share for high-

yield corporate bonds relative to others. In other words, we should expect the in-

formed trader to trade more in the high-yield bonds resulting in such bonds to have

relatively higher contribution in price discovery. This argument leads to our next

hypothesis:

Hypothesis 2: The information share of high-yield bonds is significantly greater than

non-high-yield bonds. The seminal works by Markowitz (1952) and Sharpe (1964)

highlight the importance of stock-bond return in determining the diversification ben-

efits and to hedge the common exposures across two asset classes. Since imperfect

correlation of asset returns is the key assumption in portfolio theory, there has been a

wide interest across researchers and practitioners to investigate the stock-bond return

correlation. The finance literature has extensively studied the stock-bond return cor-

4A bond rated BB or lower because of its high default risk. Also known as a high-yield bond,
or speculative bond.

5See https://www.thegentlemansjournal.com/article/story-michael-milken-junk-bond-king/
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relation at the aggregate level for example, Shiller and Beltratti (1992) study annual

stock-bond returns in USA and UK and argue that according to their rational ex-

pectations present value model stock prices drop (rise) when long-term interest rates

rise (drop). The authors however find modest correlation between stock prices and

changes in inflation. Further, the authors also find that the excess returns in stock

market correlate too much with excess bond returns. Campbell and Ammer (1993),

using a vector auto-regressive model decompose the excess stock and bond returns

on long-term assets. The authors find that the variance of excess stock returns is

attributable to changing expectations of future returns. More recent evidence by

Connolly, Stivers and Sun (2005,2007) and Gulko (2002) show that future stock-bond

correlations decreases with increasing stock market uncertainty in US. The authors

argue that flight-to-quality could partially explain this phenomenon. Similarly, Kim,

Moshirian and Wu (2006) show that stock market uncertainty drives the international

stock-bond correlation. Along similar lines, Guidolin and Timmermann (2005) docu-

ment that the monthly correlations between UK stock and bond returns are positive

and significant in the normal and bull market conditions, whereas the correlations are

negative during bear market conditions. Overall, the emerging explanation from pre-

vious studies on stock-bond correlation provide mixed findings. As noted by previous

literature the stock-bond correlation may be challenging to estimate. Although sev-

eral factors influence the stock-bond relationship earlier studies [Shiller and Beltratti

(1993); Leibowitz, Sorensen, Arnott and Hanson (1989); Li (2002)] focus broadly on

macro-economic factors such as real-interest rates, unemployment, inflation and GDP.

However, evidence on firm level correlation between the two asset classes is scant.

Exceptions include Kwan (1996), Hotchkiss and Ronen (2002) and Schaefer and Ste-

bulaev (2008). For example, Kwan (1996) in their 1986-1990 sample study investigate

the common element of firm-specific information that drives stock and bond prices.

The authors study the cross-sectional and contemporaneous correlations between in-

dividual stocks and bonds issued by same firm. They find that stock market leads
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the bond market in transmitting firm-specific information. In contrast, Hotchkiss and

Ronen (2002) using a high-frequency data for 55 high-yield bonds over the sample

period January through October 1995 document that stocks do not lead bonds. Fur-

ther, the authors also find that firm-specific information around earnings releases is

quickly incorporated in stocks and bonds contemporaneously. Schaefer and Stebu-

laev (2008) find that the magnitude of the stock-bond correlation is consistent with

the Merton (1974) model. Further Bao and Hou (2014) extend the Merton (1974)

model to show that corporate bond maturity and credit risk have stronger correlation.

In the current study, we estimate the correlations between stock returns and bond

returns of a given firm traded in US markets. Further, we also explore whether insti-

tutional traders make use of such correlations in their trading portfolios. Our study

identifies the correlations at the micro-level by directly isolating the equity and bond

securities of a given issuer. By closely analyzing the stock and bond correlations, we

identify the investors’ expectations on the portfolio return and understand the diver-

sification effects. Furthermore, we note that the correlation between bond returns and

stock returns is critical for institutional investors (pension funds, mutual funds etc.)

in their asset allocation decisions. If the bond and stock markets are informationally

efficient then we should expect to see a positive correlation between the firm’s stock

and bond prices. The above discussion leads to our third hypothesis:

Hypothesis 3: There exists a significantly positive relationship between stocks and

bonds.

2.3 Data description and sample construction

We utilize five main datasets in this study. The first dataset is the stock market

transaction level data for S&P 500 stocks, obtained from Trades and Quote (TAQ).

The second dataset is the corporate bond transaction data from Trade Reporting and

Compliance Engine (TRACE) through Wharton Research Data Services (WRDS) for
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the S&P 500 firms. The TRACE data provides over the counter (OTC) corporate

bond market real-time prices.6 To examine the price discovery of bonds in equity

prices we use a sample period of over 1,000 trading days from January 2004 through

December 2008.

Our third data source is the institutional level transaction data from ANcerno,

which provides transactional level trade data for corporate bonds and stocks for the

first quarter of 2006 through the third quarter of 2010. Several studies have used

equity transaction dataset to examine the ANcerno institutional trading behavior.

See for example Puckett and Yan (2011), Bethel, Hu and Wang (2009), Chemmanur,

He and Hu (2009), Goldstein, Irvine, Kandel and Wiener (2009). Additionally, Hu,

Jo, Wang and Xie (2018) provide a comprehensive review of ANcerno dataset. The

fourth source of data comes from Mergent Fixed Income Security Database (FISD),

which provides details of bond characteristics and credit ratings from standard and

poor’s (S&P) and Moody’s. Finally, we obtain the daily stock returns data from

center for security prices (CRSP) database and match it with the daily bond returns

to examine the lead-lag relationships.

2.3.1 Price discovery through information share approach

Hasbrouck (1995) estimates the information share to examine stocks listed on

multiple exchanges and he determines that New York Stock Exchange accounts for

substantial amount of price discovery. Several empirical works have implemented

the information share approach in multi-security setting. For example, Chakravarty,

Gulen and Mayhew (2004) investigate the contribution of equity option market’s price

discovery. These authors show that option markets have a significant (17% on an av-

erage) price discovery. Hasbrouck (2003) examine the price discovery across index

futures and exchange traded funds and find a significant price discovery in futures

6We follow the data filtering process suggested by Dick-Nielsen (2014) to clean the enhanced
TRACE data.
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market. However, none of these studies estimates the contribution of corporate bond

markets. Given the large size of US corporate bond markets and previous evidence

of informed trading in corporate bonds we propose to fill the gap in the literature by

directly examining the role of corporate bonds in price discovery. 7

Price discovery is known as a process that efficiently incorporates the new infor-

mation into asset prices. The information share (IS) approach is based on a common

implicit efficient price that is contained in the observed price of a security and can

be estimated using a vector error correction model (VECM) framework. Hasbrouck

(1995) provides an econometric method to estimate the contribution of securities

traded in multiple markets. He has documented in the context of stocks trading in

multiple exchanges. The application of the estimation method through SAS program

is provided in his website. Subsequently, several studies have used the Hasbrouck’s

information share approach to determine the role of a given market in a multi-security

setting.8 IS measures the variance of the efficient price, and identifies the proportion

of the efficient price variance that can be attributed to different markets. For exam-

ple, in the current study the IS measures the variance of the stock and bond prices of

a given firm. Specifically, IS of a given market is the percentage contribution of the

variance of the given asset.

Formally, Hasbrouck (1995) defines IS as:

7Based on 2019 article (“U.S. Corporate Debt Market: The State of Play In 2019”) by S&P
Global, the outstanding US corporate debt market is $9.2 trillion. In comparison, the US equity
market is approximately $32 trillion. See for example Back and Crotty (2015), Bittlingmayer and
Moser (2014), Zhou (2005) for evidence of informed trading in corporate bonds.

8See Chakravarty et al. (2004), Eun and Sabherwal (2003), Kryzanowski and Lazrak (2011),
Chen and Choi (2012)
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Let pi,t = (p1,t, p2,t)
′ denote a vector of (log) prices of stocks and bond prices of

an issuer. In case of multiple bonds for a given issuer at a given time, we consider

the volume weighted average price across all the bonds for the issuer.

pi,t = (p1,t, p2,t) ∼ I(1)

Since the prices represent the same assets. The two prices are cointegrated and the

linear relationship is expressed as:

pi,t = βp2,t + µt

Where µt ∼ I(0) and β is the cointegrating vector, β = (1,−β)′. The vector error

correction model (VECM) representation for ‘k′ lags is

∆pt = αβ′p(t−1) + Γ1∆p(t−1) + · · · + Γk∆p(t−k) + εt

where α represents the coefficient associated with the error correction term. ε is a

2 x 1 vector of the residuals with εt ∼ N(0,Ω). The price changes are covariance

stationary, the vector moving average (VMA) is

∆pt = Ψ(L)εt

Hasbrouck (1995) shows that since both the price series represent the same asset,

the long run impact of εt on each of the price series should be the same. Denote

Ψ(1) = (Ψ1,Ψ2) as the common row vector of Ψ(1). Ψεt is the incremental change

in price that is impounded into the security prices. The author proposes the use of

the structure of the variance of this component to derive the price discovery. The

variance of Ψεt.

V AR = (Ψεt) = (ΨΩΨ′)
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If Ω is diagonal, then ΨΩΨ′ will consist of ‘n′ terms, each of which would represent

contribution to the efficient price innovation from each market. The proportion of the

variance of the efficient price that can be attributed from an innovation from market

‘j′, is formally defined as

ISj =
Ψ2

jΩjj

ΨΩΨ′

Where Ψj is the jth element of the Ψ vector and Ωjj is the variance of the jth market.

We follow the standard estimation method and compute the information share bounds

are every month for each firm using intra-day transactions data. Monthly estimates

are then averaged across time for each stock.

2.4 Results

2.4.1 Estimating information share

We estimate the two-market (stock and bond) IS at the firm-month level. The

Hasbrouck’s (IS) methodology computes the upper and lower bounds when the infor-

mation across the markets are correlated. Panel A of Table 2.1 reports the distribu-

tional statistics of the corporate bonds used in our analyses. From Panel A we find

that there are 42,000 distinct bonds in our sample over 3,170 firms, with an average of

12 bonds per issuer. We also find that that our sample has about 55% firms consisting

of investment grade firms (those with a credit rating for A- or above). Further, we

find that the average yield of investment grade (high yield) bonds is 7% (18%), while

the overall average is 9%. To put this in perspective, Holden, Mao and Nam (2018)

using NYSE bond data report that 67% of their sample consists of investment grade

bonds. Bittlingmayer and Moser (2014) report an average yield of 5.74% in their

2002-2008 sample. Similarly, Tolikas (2017) report an average yield of 6.45% for in-

vestment grade bonds and 10% for high yield bonds. Overall, we find that the firms in

our dataset have similar characteristics to those reported by above-mentioned studies.
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In Panel B, we report the average IS for the full sample and over time. We find

that the mean IS is 18.68% and is statistically significant different from zero at 1%

level of significance. The median IS in Panel B is about 1.55%, which is also statisti-

cally significant from zero, based on Wilcoxon signed rank test. Thus, in Panel B, we

find that the mean (and median) information share for the corporate bonds are sig-

nificant at 1% level consistent with our first hypothesis of significant price discovery

in US corporate bonds. In Panel C, we report the IS for a sub-sample of high yield

firms. We classify the high yield bonds based on the issuer’s credit rating at a given

time. The high yield bonds are those with a credit rating of A- or above. We find

that the mean IS for high yield bonds are significantly higher relative to full sample

with an average information share of 33% compared to 18.68%. In Panel B we also

find that the median IS for high-yield bonds is 9% and statistically significant at 1%

level. The results in Panels A and B suggests that the US corporate bond markets

provide significant price discovery and the bonds with lower credit rating have higher

informed trading than the investment grade bonds. We find a significantly higher IS

compared to previous studies that have examined the price discovery between multi-

market of a given issuer. For example, Chakravarty et al. (2004) report an average

information share of 17% in option markets. Kryzanowski, Perrakis and Zhong (2017)

report a price discovery of 50% in CDS markets. Our results support the view that

corporate bonds have significant informed trading.

Overall, the results in Table 2.1 suggest that US corporate bonds have significant

contribution in price discovery. Additionally, our evidence suggests that high-yield

bonds have higher informed traders, resulting in a significantly higher (relative to in-

vestment grade bonds) price discovery. Therefore, the results from Table 2.1 confirms

to our first and second hypothesis discussed in section 2.2.
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2.4.2 Estimating the lead-lag return relationship

We now turn to examining the lead-lag relationship between corporate bonds

and stock returns for a given firm. To do so, we employ the bivariate vector autore-

gressions for stock and bond returns over a sample period of 2002 through 2014. Fol-

lowing previous literature such as Hotchkiss and Ronen (2002), Downing, Underwood

and Xing (2009) and several others we estimate the following vector autoregressive

system:

zj,t = cj +
L∑
i=1

bi,jRb,t−i,j +
L∑
i=1

si,jRs,t−i,j + εj,t (2.1)

Where zj,t is the vector [R(B,t,j), R(S,t,j)]
′, R(B,t,j) is the return on bond j at time t,

and R(S,t,j) is the return on stock ‘j′ at time t. 9 The slope coefficients are bi and si

associated with the lagged bond and stock returns. The lag-length is 5 for the daily

returns and 1 for the weekly returns. The choice of lag-lengths is based on Akaike

Information Criterion (AIC) and suggestions by previous studies such as Back and

Crotty (2015). In addition, for robustness, we also estimate alternative lag-lengths

and we find that our results are not driven by changes in lag-lengths.

In order to calculate the daily bond returns we follow the standard approach

of using the last bond trade in a given day. Following studies mentioned above we

assume a zero return for trading intervals where no trades occur. Similarly, for our

institutional trading data we calculate the weekly bond returns using last trade of

the week approach. In addition, we also require a bond to trade at least twice in a

given week. We obtain the daily and weekly stock returns from CRSP. Our null hy-

pothesis is that the bond and stock markets are equally efficient and react to similar

information. In Table 2.2, we start by estimating the VAR across all the firms during

our sample. The results in Table 2.2 exhibit a substantial relationship between equity

and bond returns for the high yield firms. For example, in Panel A the coefficient

9For firms with multiple outstanding bonds we calculate the volume weighted returns across all
the bonds for a given firm consistent with Kalimipalli and Nayak (2014) and Bessembinder, Kahle,
Maxwell and Xu (2008).
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estimate on the first three lags of stock returns is positive and significant at 1% level.

The estimates are 0.029 (t-stat = 3.65), 0.044 (t-stat = 5.56) and 0.019 (t-stat =

2.37) respectively. In Panel A we also find that the coefficient estimates of bond

returns for lags 1, 4 and 5 are positive and statistically significant with estimates of

0.001 (t-stat = 2.56), 0.001 (t-stat = 2.84) and 0.002 (t-stat = 4.62) respectively.

However, the coefficient estimates in Panel B for the bond returns in the investment

grade firms are insignificant. The results in Table 2 suggests that for high yield bonds

equity returns lead bond returns and it appears that the high-yield corporate bonds

act like equity and have a positive and significant correlation with equity securities.

In contrast, the investment grade bonds behave like treasury securities and do not

show any significant correlation with equity.

From our two tests on the informational role of corporate bond market, we find

evidence of significant price discovery in the corporate bond markets, however we

do not find that corporate bond returns lead stock returns but for a group of high-

yield bonds in our sample. That is high yield bonds in our sample appear to have a

significant price discovery as well as incorporate new information before the stocks.

However for the investment grade bonds, although we determine a significant price

discovery there is little evidence to suggest that the new information is incorporated

in the bond prices before the stock prices. To reconcile the results we offer some of

the plausible explanations for these findings.

First, our results in this section hinges on the evidence that there are several

empirical and anecdotal evidence regarding the informed trading in high yield firms

relative to investment grade firms. For example, Han and Zhou (2014) argue that

institutional investors predominantly trade high yield bonds; therefore, the possibility

of informed trading is higher in high yield bonds relative to investment grade bonds.

Similarly, Datta and Iskandar-Datta (1996) argue that corporate bond markets pro-

vides an opportunity for insider trading in the absence of any regulatory reporting
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requirements of bond transactions. Consistent with this argument, former Securities

and Exchange Commission (SEC) chairperson Arthur Levitt stated that SEC has

found evidence of “possible misuse of inside information in the high yield debt mar-

ket”. Anecdotal evidence such as, the recent issue of Six Flag’s Inc.’s bankruptcy case

and the Delphi Corporation case suggests that there is significant informed trading

in the low-rated (high yield) bonds.10 Additionally several empirical studies that fo-

cuses on corporate announcements have documented that significant informed trading

is mainly prevalent in high-yield bonds during pre- earnings announcement and prior

to take over announcements (Wei and Zhou, 2016; Kedia and Zhou, 2014).

Hendershott, Kozhan and Raman (2019) argue that the 2007 financial crisis post

Lehman Brothers collapse increased risk associated with the high-yield bonds and

pushed such bonds closer to default. 11 Therefore, a very large potential profitability

in high-yield bonds provided the short sellers a greater opportunity to take advantage

of the information due to higher informational sensitivity and reduced competition.

Further, the theoretical argument by Merton (1974) that corporate debt is valued as

a risky free debt and a short position in put option on the firm’s equity. Therefore any

information associated with the firm should affect its bonds values, thus the relevance

of information for bondholders depends on the probability of default of the firm. In

other words, bondholders make use of the potential informational advantage when

the firm is closer to default. Therefore, the degree of informed trading in bonds are

inversely correlated with the bond’s credit risk.

Therefore, despite the evidence of significant informed trading in corporate bond

market, there is little evidence to support that the new information is incorporated

10In the Six Flag’s Inc.’s case a hedge fund sold low-rated bonds of Six Flags after obtaining
information regarding the firm’s reorganization plan. Similarly, in 2008 Delphi Corporation accused
institutional investors of insider trading and alleged that some of the institutional investors shorted
the bonds after obtaining confidential information of the firm’s bankruptcy financing.

11The Lehman bankruptcy increased funding costs and led to greater price distortions (see for
example, Brunnermeier, 2009; Mitchell, Pedersen and Pulvino, 2007; Mitchell and Pulvino, 2012)
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first in the bond returns before stock returns in a lead-lag analysis. However, for

the reasons mentioned above investors in high yield bond markets potentially benefit

from the informational advantage. Previous evidence on the lead-lag relationship is

mixed, for example, Ronen and Zhou (2013), Hotchkiss and Ronen (2002) and Kedia

and Zhou (2014) support that bond markets are as informationally efficient as equity

markets. In contrast, Kwan, Alexander, Edwards and Ferri (2000) and Downing,

Underwood and Xing (2009) conclude that stock markets lead bond markets. How-

ever, Ronen and Zhou (2013) and Wei and Zhou (2016) have expressed concerns that

VAR models do not capture the lead-lag relationships efficiently. Thus our results for

he high yield bond markets is consistent with the view of Ronen and Zhou (2013),

Hotchkiss and Ronen (2002) and Kedia and Zhou (2014).

2.5 Robustness – Component Share approach

Hasbrouck’s information share approach has been a widely used measure of price

discovery. However, an alternative approach known as component share (CS) is also

in vogue to measure the price discovery of multi-security of a given issuer. Several

studies such as Booth, So, and Tse (1999), Chu, Hsieh, and Tse (1999), Harris, McIn-

ish, and Wood (2002) adopt the decomposition technique proposed by Gonzalo and

Granger (1995), which focuses on the composition of the price impact of one market’s

contribution to the other using component weight of a given market. Although the IS

and CS differ in their approach both methods use cointegration technique to restrict

multiple market price information to share an efficient price. In addition, both of

these approaches use the commonly applied vector error correction model (VECM)

for estimating the price discovery. Under the CS approach, the price (pt) of a given

issuer in equity and bond markets takes the following form:

pt = V1ft + V2z2
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where, f = γ′pt I(1)is the permanent component and the zt I(0) is the transitory

component, whereas V1 and V2 are the loading matrices. Gonzalo and Granger (1995)

defined γ as γ = (α′β)−1α such that α′α = 0 and β′β = 0. Gonzalo-Granger and

several other studies that are mentioned above formally define CS of a market ‘j′ as

follows:

CSj =
αj

αj + βj
, j = 1, 2

Similar to section 2.4.1 we estimate the CS measure for firms in sample every month

between the equity and bond prices. In Panel A of Table 2.3 we find that the average

CS for the full sample is 13% and is statistically significant different from zero at

1% level of significance. The median CS in Panel A is about 2.20%, which is also

statistically significant from zero, based on Wilcoxon signed rank test. Thus, in Panel

A, we find that the mean (and median) information share for the corporate bonds

are significant at 1% level consistent with the Hasbrouck’s IS measure.

In Panel B, we report the CS for a sub-sample of high yield firms. We classify

the high yield bonds based on the issuer’s credit rating at a given time. The high

yield bonds are those with a credit rating of A- or above. As in IS measure in Table

2.1, here too we find that the mean CS for high yield bonds are significantly higher

relative to full sample with an average information share of 27% compared to 13%.

In Panel B we also find that the median CS for high-yield bonds is 16.10% and

statistically significant at 1% level. The results in Panels A and B suggests that the

US corporate bond markets provide significant price discovery and the bonds with

lower credit rating have higher informed trading than the investment grade bonds.

In addition, the results from the alternative measure of price discovery is consistent

with those reported in Table 2.1. Overall, the results in Table 2.3 suggest that US

corporate bonds have significant contribution in price discovery and the consistent

results from the alternative measure of component share approach provides confidence

on our main results.
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2.6 Conclusion

In the current study, we investigate the daily stock returns and corporate bond

returns for securities traded in US markets. As noted by previous studies that stock

and bond return correlations play an important role in diversification and asset al-

location decisions. Various studies have focused extensively on aggregate levels of

stock and bond return relation [for example Campbell, 1987; Shiller and Beltratti,

1992 and Campbell and Ammer, 1993 among others. However, there is very scant

research that has focused on the contemporaneous correlations between stock and

bonds of a same issuer. This cross sectional and time series correlation provides in-

sights into firm-specific information flows and investor preference for one asset over

another in the light of asymmetric information and risk uncertainty. We aim to exam-

ine the cross-market correlation between daily stock returns and bond returns using a

broader sample of firms that issues stocks and bonds over our sample period between

2002 and 2012.

A secondary purpose of this study is to opine on where the portfolio diversification

and other strategic trading occurs across the two markets. Not surprisingly, given

the aggregate nature of previous studies there do not appear to exist a consensus on

what the correlations are between stocks and bonds of a same issuer. We propose a

micro approach to the question of trading across publicly traded companies’ stocks

and bonds both by all classes of traders and by institutions only to see how frequent

such trading is and what kind of stocks are particularly susceptible to such behavior.

Doing so allows us to make sharper observations about the kind of investor behavior

alluded to by past studies.
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Table 2.3.: Robustness : Component Share

This table presents the mean, median, min, max and standard deviation (SD) of
component share (CS) for the full-sample and the high-yield firms respectively. *,**
and *** mean significant at 10%, 5% and 1% respectively, based on the t-test for the
means and Wilcoxon signed rank test for the medians

Full - Sample High-Yield
13.0%*** 27.2%***
2.2%*** 16.1%***
0.0% 3.0%
100.0% 100.0%
22.5% 26.7%
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