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Abstract
A growing body of literature documents that security prices within and across asset classes behave similarly highlighting the 
importance of investors’ common expectations about future risk and returns in the asset pricing. Consequently, variations 
in the common expectations of investors have a major role in determining the correlation among asset prices. We examine 
the role of these common expectations in determining the relationship between firm-level equity and bond returns. We use a 
novel measure of the common expectations defined as the difference in relative frequencies of words signalling excitement 
and anxiety in a large dataset of articles published by Reuters. Further, we also consider the VIX index and the indices of 
Baker and Wurgler (J Finance 61(4):1645–1680, 2006) and Huang et al. (Rev Financ Stud 28(3):791–837, 2015) as potential 
common factors. The results show that changes in common expectations, proxied by our index and the VIX, are significant 
in predicting variations in the correlation between equity and bond returns. An improvement in investors’ optimism about 
future risk and returns causes a weaker correlation. The effect is stronger for the riskiest firms and flattens as firms’ credit 
risk improves. By decomposing our index into the excitement and anxiety components, we find that this predictive power is 
due to changes in the anxiety components.
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Introduction

In a recent paper, Bollerslev et al. (2018) show that the vola-
tility patterns within and across asset classes are virtually 
identical. This suggests that the behaviour of investors is 
strikingly similar across financial markets and in turn that 
asset prices can be viewed as being driven by common 
expectations about future risk and returns, which trigger the 
collective actions of investors. There are well-documented 
episodes of both flight-to-quality and flight-to-liquidity 
effects, which occur when investors’ preferences for the 

highest quality and most liquid assets increase markedly. 
These episodes provide vivid illustrations of the importance 
of changes in the common expectations of investors for the 
pricing of assets during these specific situations.

A growing number of new studies devise measures to 
capture variations in the common expectations of investors 
and examine whether they are driven by changes in a com-
mon risk premium or alternatively orginate from temporary 
deviations from rational pricing. The large majority of these 
studies, however, focus exclusively on the equity markets. 
We contribute to this growing literature by examining how 
variations in the common expectations of investors affect 
the correlations between matched firm-level equity and 
bond returns. The aim of the paper is to refine our abil-
ity to identify this common factor using new techniques in 
computer-based algorithimic text analysis and also to be able 
to compare our measures to a suite of other potential drivers 
of the common factor.

In general, asset correlations are a cornerstone of port-
folio management. As asset correlations are stochastic, 
understanding them is important as tools to mitigate port-
folio risk. Financial crises, such as the crisis of 2007–2008, 
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are characterised by dramatic changes in the correlation 
of assets and, consequently, the risk of portfolios. In this 
particular episode, sharp rises in asset correlations in many 
cases left financial institutions and investors vulnerable to 
unforeseen risks. Such correlation risk persisted post-crisis 
and has been linked to several exacerbating factors such as 
market liquidity changes where the health and stability of the 
financial system act to increase asset correlation (IMF 2015). 
While market liquidity effects are one potential aggravat-
ing factor in the asset correlation changes we test for, we 
restrict our analysis to the identification of the drivers of 
the common factor from our expectation-based measures 
from financial news data. The nature of those data currently 
does not allow us to delineate their exact origins but gives 
impetus to research to test these factors in the future given 
the nature of our results.

The ability to understand the underlying determinants of 
the behaviour of these correlations is essential for asset man-
agers and also for the measurement and setting of regula-
tory capital. The research therefore can inform policymakers 
towards a more efficient way of measuring regulatory capital 
as well as for financial institutions control of risk.

A major impetus for the research is that standard finance 
models have a relatively poor record in predicting the 
changes in such correlations, and especially in times of 
extreme outcomes in the financial markets. The relation-
ship between firm-level equity and corporate bond returns is 
particularly useful for examining the importance of common 
pricing factors because of the robust theoretical framework 
of Merton (1974), which implies the determinants of the 
correlations as well as the functional relationship between 
the correlation itself and its determinants. Using this bench-
mark, we are able to isolate the drivers of the correlations 
in a robust fashion.

To our knowledge, this is the first study to examine how 
variations in the common expectations of investors affect 
the correlation between firm-level equity and bond returns. 
We add to the literature by showing that changes in the com-
mon expectations of investors, which could be captured by 
an index of expected volatility such as VIX, may also be 
captured by employing new techniques which use textual 
analysis of digitised financial and economic news stories. 
In our study, we use a very large database of news in the 
Thomson Reuters News Archive database. This database is 
used in conjunction with a new metric (the relative sentiment 
shift—RSS) for measuring emotion in text-based articles 
(Nyman et al. 2018) that has not been previously used in 
finance studies.

Our study is able to examine the performance of other 
popular measures of variations in the common expectation 
of investors (Chicago Board Options Exchange’s Volatility 
Index—VIX, Baker and Wurgler (2006)—BW, and Huang 
et al. (2015)—HJTZ) in order to be able to more clearly 

differentiate the information in these indexes. These innova-
tive measures have become prominent in explaining changes 
in asset prices but have not yet been used to analyse the 
correlation between firm-level equity and bond returns. 
More importantly, these innovative indexes focus on dif-
ferent aspects of common expectations—BW and HJTZ 
look at economic indicators reflecting positive/optimistic 
expectations, and in contrast, VIX tends to look at nega-
tive/pessimistic expectations. By comparing their relative 
performances to the performance of the RSS, we also shed 
new light on different types of common expectations that 
may act upon asset prices. Taken collectively, the research 
offers further insight into the role of these common expecta-
tions as a common factor in the pricing of financial assets.

Most importantly, we show that RSS captures varia-
tions in the common risk premium and does so with greater 
power than previous measures. RSS is strongly correlated 
with VIX—the 1-month option-implied volatility on the 
S&P500 stock index, and conversely, we show that RSS is 
only weakly correlated with the existing indices of BW and 
HJTZ. The findings, all told, suggest that the absence of 
investors’ optimism, when the basis on which BW and HJTZ 
are constructed is to show the presence of optimism, may not 
necessarily be linked to uncertainty or pessimistic expecta-
tions. In other words, when imagining a scale of optimism 
and pessimism or excitement and anxiety in expectations, 
the common factor’s drivers may not be operating on the 
same spectrum. Instead, we suggest from our findings that 
it may be the function of two separate mechanisms. Simply 
put, the absence of the VIX need not imply optimism in 
expectations, and hence, VIX or RSS may better proxy for 
the expectation of negative outcomes and increased asset 
correlation. The indices of BW and HJTZ are not significant 
in explaining the stock–bond correlation.

Our results imply that the collective actions of investors 
are driven by changes in the common risk premium and 
we uncover a causal correlation between the common risk 
premium and the correlation between equity and corporate 
returns. An increase in RSS causes a weakening of the cor-
relation in the subsequent month. This effect is itself depend-
ent on firms’ credit risk profiles and weakens in a monotonic 
fashion as firms move away from the default point. The VIX 
performs similarly overall to RSS but with some noticeable 
and practically very important differences. Most prominent 
of these advantages of RSS is that RSS has strong predic-
tive power over the entire spectrum of credit risk, whereas 
VIX’s effect is muted for some levels of credit risk. We are 
therefore able to offer a more fine-tuned measure to capture 
the causal links from expectations to correlations across all 
credit risk grades of firms.

The remainder of this paper is divided into five sections: 
In the following section, we review the relevant literature. In 
Sect. 3, we describe the data and present the methodology 
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for estimating the RSS, the conditional correlation between 
equity and bond returns, a measure of credit risk, and the 
empirical model specifications. The results are presented 
in Sect. 4, and the robustness of the results is examined in 
Sect. 5. The main conclusions are summarised in Sect. 6.

Literature review

According to the structural model of Merton (1974), all 
securities issued by a firm may be considered as claims on 
the firm’s assets. Consequently, the correlation between 
equity and debt securities should be primarily determined 
by the value and volatility of the firm’s assets. The struc-
tural model implies that factors impacting the value of firm 
assets have a positive impact on the correlation, whereas 
factors affecting the volatility of firm assets induce a nega-
tive correlation. Furthermore, the model predicts a nonlinear 
relationship between the correlation and the asset value and 
volatility. Hence, the effect of all explanatory variables is 
strongest when firms are close to the default point and weak-
ens as firms move away from the default point or as credit 
risk improves. The only common variable which is explicitly 
accounted for is the risk-free rate.

As Anderson and Sundaresan (2000) note, the structural 
model is attractive on theoretical grounds because it links 
the valuation of different financial claims on firms’ assets 
with economic fundamentals. Despite its great appeal and 
precise formulation, the empirical evidence in support of the 
structural model has been mixed at best. While relationships 
between key variables of the structural model and credit 
spread are generally empirically confirmed as predicted by 
the model (e.g. Campbell and Taksler 2003), studies usually 
find that the structural model generates much lower credit 
spreads than those observed in reality. The inability of the 
structural model to predict highly realistic credit spreads is 
generally attributed to the simplifying assumptions used to 
derive the model and difficulties in estimation of parameters 
required for implementation. As far as our investigation is 
concerned, the crucial drawback of the Merton (1974) model 
stems from the critical assumption that the values of assets 
evolve as geometric Brownian motions. As a direct result of 
this assumption, the default probability and hence the credit 
spread are therefore implied by the volatility of assets and 
the difference between the asset value and the debt value. 
This difference, when divided mathematically by the volatil-
ity, is usually referred to as the ‘distance to default’. Since 
under the assumptions of a geometric Brownian motion pro-
cess, the continuously evolving value of assets needs time 
to change significantly, the default probability over short 
periods of time is close to zero. The structural model by 
relying on this assumption ignores the risk of substantial 
changes or ‘jumps’ in the values of assets. This is one of the 

main reasons why the structural model generates a lower 
credit spread than those observed.

As large shifts and sudden changes in the values of 
securities are rare events and usually confined to crisis and 
boom periods, it is near impossible to estimate the prob-
ability of their occurrence and the magnitude of their effect 
on asset prices with any high degree of precision. In other 
words, investors have a limited ability to quantify how likely 
rare events are ex ante and the scale of any impact upon 
asset prices if and when they occur. On this basis, Cabal-
lero and Krishnamurthy (2008) argue that these events are 
more about uncertainty, where outcomes do not occur on a 
known distribution with probabilities attached, rather than 
risk. Barro (2006) also emphasises the importance of rare 
events in asset pricing. He shows that accounting for rare 
events helps explain the high equity premium and other asset 
pricing puzzles.

There is much empirical support for the idea that the con-
sequences of changes in the common expectations of inves-
tors are statistically and economically significant. Longstaff 
(2004) estimates that the liquidity premium, which is linked 
to sharp declines in the investors’ expectations, accounts 
for as much as 15% of the value of risk-free bonds. Nozawa 
(2017) reports that variations in a common risk factor can 
explain about 50% of the credit spread. Collin-Dufresne 
et al. (2001) show that changes in corporate credit spreads 
are mostly driven by a single common factor rather than 
firm-level proxies for the theoretical variables. Demirovic 
et al. (2017) find that the relationship between equity and 
bond returns breaks down during periods of high uncer-
tainty, measured by using the VIX index. They conclude 
that common factors overshadow the theoretical firm-level 
factors during financial crises, which is consistent with the 
flight-to-quality/flight-to-liquidity phenomenon and associ-
ated spikes in correlations between different assets classes. 
Durand et al. (2011) find that changes in the VIX, which 
proxies for investors’ expectations of market volatility, affect 
the Fama–French risk factors (Fama and French 1993). On a 
more general note, as highlighted in introduction, Bollerslev 
et al. (2018) show that the volatility patterns in equity, bond, 
commodity, and currency markets are virtually identical.

Since variations in the common expectations of investors 
have been well examined in the literature and appear to have 
a significant role in asset pricing, it is primarily important 
to understand what drives them and also how best to take 
advantage of modern econometric and computer science 
techniques to measure them accurately.

As already noted, collective actions of investors are trig-
gered by changes in expectations of future returns and risk. 
If investors’ expectations of future market volatility affect 
risk factors as Durand et al. (2011) argue, these expecta-
tions will be relevant in explaining and predicting asset 
returns and correlations among asset returns. In line with 
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this prediction, Lee et al. (2002) find that excess returns and 
volatility are contemporaneously correlated with changes 
in the ratio of ‘bullish’ to ‘bearish’ recommendations by 
investment advisory services. Likewise, Brown and Cliff 
(2005) find that shifts in the ratio of ‘bullish’ to ‘bearish’ 
recommendations are positively correlated with the pricing 
errors of models containing Fama–French and other widely 
used risk factors.

Baker and Wurgler (2006) construct a novel measure of 
investors’ optimism by extracting the common components 
of six market-based variables (the closed-end fund discount, 
NYSE share turnover, the number of IPOs, the average first-
day returns on IPOs, the equity share in new issues, and the 
dividend premium). They report that the cross section of 
future equity returns is conditional on investors’ optimism 
at the period beginning. When investor optimism is high, 
securities that are attractive to speculators and unattractive to 
arbitrageurs tend to earn low returns in subsequent periods. 
This result implies that investor optimism is a noise driving 
prices away from their intrinsic values rather than a priced 
risk factor.

Huang et al. (2015) note that, by design, the principal 
component analysis used to isolate the common component 
of the variables used by Baker and Wurgler (2006) is unable 
to distinguish variations in the investors’ optimism relevant 
for asset pricing from the approximation error of investors’ 
optimism. They filter out the irrelevant approximation error 
by utilising the two-stage partial least squares estimation 
method. In line with Baker and Wurgler, they find that the 
first-day returns on IPOs and the equity share in new issues 
are the most significant proxies for investors’ optimism. On 
the other hand, the number of IPOs and the dividend pre-
mium are not statistically significant components of their 
index.

Another approach to derive measures of investors’ expec-
tations is to use a survey of consumer confidence as a proxy 
or to survey investors directly. Another more recent alterna-
tive method infers changes in investors’ expectations from 
the word content of digitised news media articles. One 
incarnation of this approach can be found in the combina-
tion of algorithmic data techniques to scan large samples of 
digitised news data. An excellent example of this approach 
is found in Manela and Moreira (2017) who examine the 
relationship between words appearing in the front page of 
the Wall Street Journal from 1890 to 2010 and changes in 
the VIX. They construct a measure which is significant in 
predicting equity returns and show that this return predict-
ability can be attributed to changes in investors’ concern 
about rare disasters.

Earlier work in this area has also produced other sig-
nificant results. Cutler et al. (1989) examine the relation-
ship between news related to fundamental economic values 
and changes in equity prices. They report that the relevant 

economic news cannot explain a significant portion of 
variations in equity prices. In other words, a large part of 
fluctuations in equity prices seems to be driven by news 
not related to systematic risks. Tetlock (2007) constructs 
a measure of investors’ expectations from the Wall Street 
Journal’s ‘Abreast of the Market’ daily column. He finds that 
the measure based on the number of words classified as pes-
simistic or optimistic in the daily column can predict future 
returns and trading volumes. Negative words are reported 
to be much more relevant than other words. Tetlock et al. 
(2008) examine the relevance of negative words in stories 
about S&P 500 firms published in the Wall Street Journal 
and the Dow Jones News Service. They find that the frac-
tion of negative words forecasts low earnings and that stock 
prices temporarily underreact to the information embedded 
in negative words. Garcia (2013) adopts a similar approach 
and conducts the text analysis of financial columns pub-
lished in the New York Times. He reports that the predictive 
power of news’ content is concentrated in periods of elevated 
market uncertainty during recessions. In a similar analysis, 
Kräussl and Mirgorodskaya (2017) find that a measure based 
on the text analysis of financial columns predicts market 
returns and volatilities months in advance.

Da et al. (2015) use daily Internet search keywords and 
volume to capture changes in investors’ expectations. They 
report that the number of queries for keywords such as reces-
sion and bankruptcy predicts aggregated market returns. 
Smales (2014) notes that a measure of investors’ expecta-
tions based on the news for the constituents of the S&P 500 
Index is negatively related to changes in the VIX. In other 
words, affirmative news coverages are related to a decrease 
in the VIX. He reports that this relationship is much stronger 
during the period of market turbulence in 2007–2009. A 
compelling rejoinder to these papers is that an absence of 
news coverage may also predict returns in asset markets. 
Fang and Peress (2009) find that media coverage affects 
equity returns. Securities with no media coverage signifi-
cantly outperform securities regularly featured in media after 
controlling for common risk factors.

Methodology

This section describes our measure of investors’ expecta-
tions, the methodology for estimating the conditional cor-
relation between equity and bond returns, control variables, 
and the data set. Lastly, we specify the empirical model.

Relative sentiment shift (RSS)

Our approach to deriving the RSS index is similar to the 
approaches used by Tetlock (2007), Tetlock et al. (2008), 
Garcia (2013) and Kräussl and Mirgorodskaya (2017). 
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Generally, these measures are based on the frequency of 
words classified as positive or negative. Tetlock (2007) 
derives his measure by counting words in predetermined 
categories of the Harvard Psychosocial Dictionary appear-
ing in the Wall Street Journal’s daily column. Tetlock et al. 
(2008) consider the frequency of words appearing in all Wall 
Street Journal and Dow Jones News Service articles about 
S&P 500 firms. Garcia (2013) counts positive and nega-
tive words in two financial columns appearing in the New 
York Times. Kräussl and Mirgorodskaya (2017) obtain their 
measure from Wall Street Journal, Financial Times, and New 
York Times articles classified under the category Banking 
and Finance in the LexisNexis database.

The RSS is based on the frequency of words in news 
stories from the Thomson Reuters News Archive Database. 
Unlike other measures, the RSS is based on the frequency of 
preselected ordinary English emotional words (e.g. unease, 
perils, distrusted, brilliant, attracts, energising). This poten-
tially makes the RSS orthogonal to any economic news 
in the text and at least partially mitigates the problem of 
reverse causality. In other words, the RSS is not directly 
based on the frequency of words which may be a reaction to 
the market movements. The approach directs the word search 
towards just two particular groups of emotion thought to 
encourage or inhibit action in conditions of uncertainty. Spe-
cifically, the emotion groups explored are those associated 
with excitement about gain (evoking approach) and anxiety 
about loss (evoking avoidance). A sample of words from 
both groups of words is presented in Nyman et al. (2018).

Given the word list, we define measures of anxiety and 
excitement as the sum of relative frequencies of words from 
the lists, while the RSS is defined as the difference between 
the measures of excitement and anxiety.

where Excitement
t
 is the total number of occurrences of 

words from the excitement list in a period t , Anxiety
t
 is the 

total number of incidents of words from the anxiety list, and 
N
t
 is the total number of words.

Conditional correlation between equity and bond 
returns

Equity returns are calculated in the usual manner. Define 
P
E

i,t
 as the share price of firm i at time t and D

i,t as dividends 
paid from time t − 1 to time t. The rate of return is defined as:

(1)RSS
t
=

Excitement
t
− Anxiety

t

N
t

.

(2)R
E

i,t
= ln

P
E

i,t
+ D

i,t

P
E

i,t−1

.

The holding period returns for bonds are calculated in 
a similar manner. Define PB

i,t
 as the bond price of firm i 

at time t  , C
i,t as the coupon payments, and AC

i,t as the 
accrued interest on bond i from time t − 1 to time t  . The 
rate of return is defined as:

The conditional correlation between equity and bond 
returns is obtained from a bivariate generalised autoregres-
sive conditional heteroscedasticity (GARCH) process. The 
mean equations are given by:

where RE

t
 , RB

t
 , �

E,t , and �
B,t are equity and bond returns, and 

the disturbance terms, respectively. One of the most popular 
models for estimating the conditional covariance is Boller-
slev et al. (1988). We use the parsimonious version referred 
to as the diagonal VECH (1,1). In order to guarantee that the 
conditional covariance matrix is positive semi-definite, we 
follow Engle and Kroner (1995) and Ding and Engle (2001) 
and restrict the coefficient matrices to rank 1 matrices. This 
gives the following variance/covariance equations:

where h
E,t , hB,t , and h

EB,t are, respectively, the equity vari-
ance, the bond variance, and the equity–bond covariance. 
This specification is widely utilised in empirical studies (e.g. 
Bekaert and Wu 2000; Ang and Chen 2002; Belke 2011).

Control variables

The correlation between equity and bond returns depends 
on firms’ credit risk exposure. The correlation of returns 
on securities issued by the riskiest firms is expected to the 
strongest. Therefore, it is critical to control for credit risk.

The distance to default (DD) is the difference between 
the market value of the assets and the book value of debt 
relative to the volatility of the market value of the assets 
(Merton 1974). DD follows directly from the Black and 
Scholes (1973) call option pricing equation:

(3)R
B

i,t
= ln

P
B

i,t
+ C

i,t + AC
i,t

P
B

i,t−1
+ AC

i,t−1

(4)R
E

t
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E,t and R
B

t
= c2 + �

B,t,

(5)

h
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2
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+ b1hE,t−1

h
B,t = c2 + a2�

2
B,t−1

+ b2hB,t−1

h
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E,t−1

�2
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+ b1b2hEB,t−1,

(6)E = AN
(

d1

)

− De
−rT

N(d2
)

,
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where

d2 = d1 − �
A

√

T  , E , and A are the market values of the 
firm’s equity and assets, �

A
 is the volatility of the market 

value of the firm’s assets, D is the book value of the firm’s 
debt, r is the risk-free rate, T  is the time horizon in years, 
and N(.) is the cumulative density of the standard normal 
distribution.

The market value of the firm’s assets is assumed to follow 
a geometric Brownian motion process. Assuming that the 
firm’s equity value follows the same process, its dynamics 
under the risk-neutral probability measure can be described 
by:

where �
E
 is the volatility of the market value of the firm’s 

equity and dX
t
 is the standard Wiener process. Since the 

equity value is a function of the asset value and time, Itô’s 
lemma can be applied to give:

A comparison of the coefficient multiplying the stochastic 
components in the two preceding equations gives the follow-
ing identity:

The unobservable market value and volatility of the firm’s 
assets are estimated by simultaneously solving Eqs.  (6) 
and (9). This approach is widely used in empirical studies 
(e.g. Ronn and Verma 1986; Hillegeist et al. 2004; Camp-
bell et al. 2008). The equity volatility is estimated using a 
GARCH(1,1) model (Bollerslev 1986). Once the asset value 
and volatility are estimated, the distance to default is calcu-
lated as follows:

To control for the maturity of bonds, the duration is calcu-
lated according to the following formula:

where B
d
 is the dirty bond price (clean price + accrued inter-

est), CF
t
 is the cash flow in period t  , N  is the number of 

d1 =
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�
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D

�
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�
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�

T

�
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√

T

,
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E
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]
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A

√
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.

(11)d =
1

B
d

N
∑

t=1

CF
t

(1 + Y)
t
t,

periods to maturity, and Y is the per-period yield to maturity. 
The control variable for the size of the bond issue is the 
natural logarithm of the bond’s market price multiplied by 
the number of outstanding bonds.

Panel data analysis

The data set consists of the conditional correlation between 
equity and bond returns, and a set of independent variables 
for n firms over T  consecutive time periods. Because of the 
possible common factors influencing the correlation, we use 
a panel data model with period fixed effects:

where C
it
 is the conditional correlation between the equity 

and bond returns of firm i at time t  , �
i
 is the firm effect, � 

is the k × 1 parameter vector, x
it
 is the vector of explanatory 

variables, and �
it
 is the disturbance term.

We conduct our analysis by regressing the conditional 
correlation between equity and bond returns, C

it
 , on meas-

ures of the common factor and control variables. The com-
mon factor’s measures are our index (RSS) and other popular 
indices (VIX, BW, and HJTZ). The control variables are DD, 
firm’s size, bond duration, and bond issue size.

As discussed above, the most important control variable 
is DD which is a measure of credit risk. As implied by the 
structural model, the impact of a change in DD is expected 
to depend on the level of credit risk. In other words, a small 
change in a large DD should have only a limited impact on the 
correlation between equity and bond returns, while the mag-
nitude of impact should grow as DD falls. To account for this 
non-linearity, we add the squared DD variable to the model.

Furthermore, to control for a potential discrete form of 
nonlinear impact of changes in credit risk, we include DD 
dummies, i.e. DDs

it
= I(𝜏

s
≤ DD

it
< 𝜏

s+1) , where I(.) is the 
indicator function and �

s
 are thresholds. The thresholds are 

commonly selected arbitrarily. Campbell and Taksler (2003), 
for example, use 5, 10, and 20 as the thresholds for the inter-
est coverage variable and 10, 25, and 35% as the threshold 
values for the debt ratio. On the other hand, Cremers et al. 
(2008) treat financial leverage as a continuous variable. 
Since controlling for credit risk is crucial in this study, we 
select the number and values of thresholds as suggested by 
Hansen (2000). They are determined by estimating ms with 
different sets of dummies and threshold values and selecting 
the model on the basis of a minimum Akaike information 
criterion (AIC). Specifically, for each number of dummies 
( s = 1,… , n ), we estimate models for all threshold combina-
tions (with discrete increment steps). For the DD variable, 
we estimated 4753 models. The lowest AIC is achieved with 
15 dummies, but 94% of the improvement in AIC is achieved 
by a set of four dummies. Therefore, in order to have as 
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parsimonious a model as possible, we use the optimal set of 
four dummy variables: 0.8, 1.8, 2.8, and 3.8. The coefficient 
of DD

it
 then captures the average effect of the DD, while the 

dummy coefficients capture the additional effect of the DD 
for predefined risk classes. The threshold selection proce-
dure is described in ‘Appendix’.

The common factor may have different effects for dif-
ferent firms. To account for this possibility, we include an 
interaction between the common factor and firms’ credit risk 
(DD). Overall, the full regression is expressed as follows:

As emphasised by Petersen (2009), the OLS standard 
errors in Eq. (13) may be biased and underestimate the true 
variability in the estimated coefficients due to the correla-
tion of the residuals across time for a given firm (time series 
dependence) and/or across different firms (cross-sectional 
dependence). The standard errors are corrected to account 
for the cross-sectional dependence (i.e. common factors 
affecting all firms at the same time), while the serial depend-
ence (i.e. firm-specific factors affecting individual firms) is 
addressed by adding dummy variables.

Data

We use the Thomson Reuters News Archive database which 
contains several million articles on political, financial, and 
economic news. We specifically focus on news articles 
‘tagged’ (originating) in Washington DC and New York as 
those stories are most directly related to the US economy. 
These data average 10,832 articles per month over the period 
from 1996 to 2011. We exclude articles tagged as Sport, 
Weather, and Human Interest. Tetlock (2007) uses a sin-
gle daily column, and Kräussl and Mirgorodskaya (2017) 
have 3135 articles per month which are less than a third of 
our sample. An extensive database ensures that our algo-
rithm can produce high-quality results due to the volume of 
matches to our algorithm using a monthly aggregate.

Following Scruggs and Glabadanidis (2003), the corre-
lation between equity and bond is estimated at the monthly 
level as noise in the returns at higher frequencies makes 
it challenging to determine the true relation between the 
returns. We use firm-level equity and bond data. Since 
bond data are relatively scarce compared to equity data, we 
start our sample selection with all straight corporate bonds 
issued by non-financial companies in the US market avail-
able in the Thompson Reuters Datastream database. When 
multiple bonds are available from the same issuer, the bond 
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with the maximum number of observations is used. This 
is preferred to averaging the data of different bonds with a 
common issuer as bonds have different characteristics, such 
as duration and issue size. Bonds with less than 36 monthly 
observations, asset-backed bonds, bonds with any sort of 
collateral, or with an average market value of less than $10 
million are excluded from the sample. Once the bond data 
are collected, they are matched with the equity data, also 
obtained from the Datastream database. The matched sample 
consists of 351 firms and 33,870 firm-month observations.

All other variables (distance to default, firm asset value, 
bond duration, and bond issue value) are estimated at the 
daily level and then converted into monthly series by aver-
aging daily observations. The accounting data required for 
the estimation of DD are obtained from Compustat, and the 
risk-free interest rate data are obtained from the Datastream 
database. VIX Index data are obtained from the Chicago 
Board Options Exchange. Finally, Baker and Wurgler (2006) 
and Huang et al. (2015) indices data are obtained from Jef-
frey Wurgler’s and Guofu Zhou’s websites. The descriptive 
statistics for the variables used in the empirical model are 
presented in Table 1.

The sample covers the period from August 1996 to Febru-
ary 2011. Not all series cover the entire sample period, so 
our panel is unbalanced. It should be noted that the num-
ber of observations available at the beginning of the sam-
ple period (1996–2000) is much lower than that later in the 
sample period (2001–2011). However, the earlier dataset is 
still large (1519 observations for 33 firms) compared to other 
studies dealing with bond data (Table 2).

Results

We first examine the relationship between the RSS, VIX, 
BW (Baker and Wurgler 2006), and HJTZ (Huang et al. 
2015) indices. The RSS and VIX indices are strongly corre-
lated (ρ = − 64%). Similarly, a strong correlation is observed 
between the BW and the HJTZ. This implies that the RSS/
VIX and BW/HJTZ capture different effects. The correlation 
coefficients are presented in Table 3 while the normalised 
time series are illustrated in Fig. 1.

To examine the relationships among the RSS, VIX and 
other indices, we estimate a VAR(2) model. The first lag of 
RSS is significant at the 5% level in explaining changes in 
the VIX, while the second lag of RSS is significant at the 
10% level in explaining changes in the BW index. The lags 
of HJTZ are significant in explaining changes in the RSS and 
the 5% level and other indices at the 1% level, while BW’s 
lags explain changes in the HJTZ. The model explains over 
95% variations in the BW and HJTZ, 78% of fluctuations in 
the VIX, and only 46% of changes in the RSS.
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Table 4 depicts an estimate of the model in Eq. (13). 
The model regresses the correlation between equity and 
bond returns on the investors’ expectations and controls for 
credit risk. The results reveal that the RSS and the three 
expectation–credit risk interaction variables are significant 
in explaining the correlation. The relationship is negative. 
In other words, an increase in the RSS is associated with 

a decrease in the correlation. The effect is the strongest 
for the riskiest firms and monotonically weakens as firms 
move away from the default point. The equation with the 
VIX yields similar results, while the model with the BW 
and HJTZ indices provides mixed results. In the BW model, 
only one interaction variable is significant, while the index 
and two interaction coefficients are significant in the HJTZ 
models.

Re-estimating the model presented in Table 4 with the 
first lags of the explanatory variables reveals that the RSS is 
able to predict the correlation. The coefficients imply that an 
increase in the RSS leads to a decrease in the correlation in 
a subsequent month. The strength of this effect depends on 
a firm’s credit risk. The first lag of the index coefficient and 
the first three interaction coefficients are significant while 
the fourth (i.e. the lowest credit risk) interaction coefficient 
is not significant at any of the conventional levels. The VIX 
model yields similar results. In the HJTZ model, the index 
and two interaction coefficients are significant, while only 
one interaction coefficient is significant in the BW model.

As depicted by Eq. (1), the RSS is the difference between 
the frequency of words indicating excitement and the fre-
quency of words indicating anxiety. Investors may respond 
to positive and negative news differently (e.g. Brown et al. 
1988; Tetlock 2007). To examine this hypothesis, we 
replace the RSS with the excitement and anxiety compo-
nents and estimate the models presented in Tables 4 and 
5. In the contemporaneous model, the coefficients of the 
RSS components and most of the interaction variables 
are significant. The coefficient signs and magnitude are as 
expected—an increase in excitement lowers the correlation 
while an increase in anxiety strengthens the correlation. The 
effect is more substantial for riskier firms. Surprisingly, the 

Table 1  Descriptive statistics

The RSS is obtained from Eq. (1). Asset value and bond issue value are in USD millions. Equity and bond returns are logarithmic as specified 
in Eqs. (2) and (3); the distance to default (DD) is the difference between the market value of the assets and the book value of debt relative to 
the volatility of the market value of the assets (Eq. 10); the duration is in years (Eq. 11). The indices, equity, and bond returns are calculated 
at monthly frequency, while other variables are calculated at the daily frequency and are converted into monthly series as the average of daily 
observations within the given months

Mean Maximum Minimum SD Skewness Kurtosis

Equity–bond returns correlation 0.09 1.00 − 0.93 0.28 0.25 3.12
RSS − 0.10 − 0.01 − 0.27 0.05 − 0.97 4.25
BW (Baker and Wurgler 2006, Eq. 2) 0.17 2.84 − 0.93 0.77 1.34 4.91
HJTZ (Huang et al. 2015) − 0.04 3.03 − 1.03 0.90 1.61 4.93
VIX 22.37 62.64 10.82 8.45 1.73 8.17
Equity return 0 1.64 − 1 0.11 − 0.73 16.62
Bond period return 0.01 1.19 − 0.75 0.04 − 0.03 83.62
Distance to default 5.43 28.05 − 2.42 2.73 0.87 4.87
Asset value 25,449.62 832,438.00 66.69 46,157.04 5.73 61.39
Bond duration 6.91 18.24 0 3.61 0.19 2.08
Bond issue value 238.06 4567.08 2.12 268.3 5.1 54.3

Table 2  Correlation matrix

RSS VIX BW HJTZ

RSS 1.00
VIX − 0.64 1.00
BW 0.05 − 0.04 1.00
HJTZ − 0.11 0.35 0.66 1.00

Table 3  VAR model of the indices

(− 1) and (− 2) indicate the first and the second lags of the variables
***,**,*Significance at the 1%/5%/10%

RSSt VIXt BWt HJTZt

RSSt−1 0.64*** − 0.16** 0.01 0.01
RSSt−2 0.12 0.06 0.04 − 0.02
VIXt−1 0.1 0.87*** − 0.05 0
VIXt−2 − 0.03 − 0.1 − 0.01 − 0.02
BWt−1 − 0.29 − 0.01 0.86*** 0.2***
BWt−2 0.35 − 0.01 0.04 − 0.21***
HJTZt−1 0.56** 0.34* 0.15* 1.45***
HJTZt−2 − 0.65** − 0.25 − 0.04 − 0.48***
C 0.00 0 − 0.01 0
Adjusted R2 0.46 0.78 0.96 0.97
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magnitude of coefficients implies that a change in excitement 
is associated with a larger change in the correlation than a 
change in anxiety. For firms with the distance to default from 
0.8 to 1.8, a 0.001 increase in excitement is associated with 
a decrease in the correlation of 18% while a similar increase 
in anxiety is associated with an increase in the correlation 
of 5%.

The statistical significance and magnitude of coeffi-
cients in the causal models reveal that the predictive power 
of the RSS is due to its anxiety component. All anxiety 
coefficients are statistically significant and show that an 
increase in excitement causes an increase in the correla-
tion. The effects monotonically decrease as firms move 

away from the default point. On the other hand, only two 
interaction coefficients of the excitement components are 
significant.

As noted above, the effect of changes in the investors’ 
expectations depends on the riskiness of firms. The effect 
weakens as firms become safer and reverses the sign for the 
safest group of firms. In other firms, a negative change in the 
expectations of investors is associated with a steep increase 
in the correlation between equity and bond returns of the 
riskiest firms, whereas it is related to a decrease in the cor-
relation of the safest firms (Fig. 2).

A similar dependence on credit risk is present in the 
causal model too. A decline in the investors’ expectations 

Fig. 1  Normalised values of 
VIX, RSS, BW, and HJTZ

Table 4  Cotemporaneous 
relationship between the indices 
and the conditional correlation 
between equity and bond returns

The models are estimated using fixed firm effects with correction for cross-sectional error dependence. The 
estimated model is Eq. (13). The dependent variable, C

it
 , is the conditional correlation estimated from the 

VECH (1,1) from Eq. (5). The distance to default, DD
it
 , is obtained from Eq. (10), and I(.) is an indicator 

function that equals 1 if the argument is true and zero otherwise
***,**,*Significance at the 1%/5%/10% level

Variable RSS VIX BW HJTZ

DD − 0.01** − 0.01*** 0.00 0.00
DD2 0.00*** 0.00** 0.00 0.00
I(DD < 0.8) − 0.13*** − 0.15** 0.07** 0.01
I(DD ≥ 0.8 AND DD < 1.8) − 0.1** − 0.15*** 0.03* 0.02
I(DD ≥ 1.8 AND DD < 2.8) − 0.03** − 0.05** 0.02* 0.02**
I(DD ≥ 2.8 AND DD < 3.8) − 0.01 − 0.01 0.00 0.00
INDEX 25.47*** 0.00*** 0.00 − 0.01**
INDEX * I(DD < 0.8) − 109.17** 0.01*** 0.06** 0.07**
INDEX * I(DD  ≥ 0.8 AND DD < 1.8) − 88.66*** 0.01*** − 0.01 0.05**
INDEX * I(DD ≥ 1.8 AND DD < 2.8) − 35.23*** 0.00*** − 0.01 0.01
INDEX * I(DD ≥ 2.8 AND DD < 3.8) − 9.23 0.00 − 0.01 0.00
C 0.14*** 0.16 0.09* 0.09***
Adjusted R2 61.1% 61.3% 61.0% 61.1%
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causes a steep increase in the correlation of risky firms. The 
magnitude of the effect decreases as firms move away from 
the default point and becomes essentially zero for the safest 
firms (Fig. 3).

Robustness checks

Firm size, bond duration, and bond issue size are important 
characteristics that can potentially influence the correlation 
between equity and bond returns. Credit risk exposure may 
be related to firm size. The relation between the duration 
and the risk inherent in a bond is straightforward: a longer 
duration indicates higher risk, ceteris paribus. Therefore, the 

returns on long-term bonds should behave more like equity 
returns than the returns on short-term bonds. The size of a 
bond issue may affect the correlation through the liquidity 
mechanism. Large bond issues are more liquid, and there-
fore, their values should react more quickly to shocks in the 
value of the issuing firm’s equity.

To examine whether the results are sensitive to changes in 
firm size, the maturity, and liquidity of bonds in the sample, 
the models presented in Tables 4, 5 and 6 are augmented 
with three sets of dummy variables to control for firm size, 
bond duration, and issue size. The largest firms, the largest 
issue size, and the longest duration are the benchmarks for 
which we have no dummies in order to avoid the dummy 
variable trap. In each case, the number of dummies and 

Table 5  Causal relationship 
between the indices and the 
conditional correlation between 
equity and bond returns

The models are estimated using fixed firm effects with correction for cross-sectional error dependence. The 
estimated model is Eq. (13). The dependent variable, C

it
 , is the conditional correlation estimated from the 

VECH (1,1) from Eq. (5). The distance to default, DD
it
 , is obtained from Eq. (10), and I(.) is an indicator 

function that equals 1 if the argument is true and zero otherwise. (t−1) indicates the first lag of the variable
***,**,*Significance at the 1%/5%/10% level

Variable RSSt VIXt BWt HJTZt

DDt−1 − 0.01** − 0.01*** 0.00 − 0.004
DDt−1

2 0.00* 0.00** 0.00 0.000*
I(DD-1 < 0.8) − 0.25** − 0.14** 0.03 0.000
I(DDt−1 ≥ 0.8 AND  DDt−1 < 1.8) − 0.13*** − 0.13*** 0.02 0.010
I(DDt−1 ≥ 1.8 AND  DDt−1 < 2.8) − 0.05** − 0.04* 0.01 0.008
I(DDt−1  ≥ 2.8 AND  DDt−1 < 3.8) − 0.03** − 0.02 0.01 0.007
INDEXt−1 18.18** 0.00*** 0.00 − 0.006*
INDEXt−1*(DDt−1 < 0.8) − 162.09** 0.00** 0.05** 0.032
INDEXt−1 * I(DDt−1 ≥ 0.8 AND  DDt−1 < 1.8) − 94.71*** 0.00*** − 0.01 0.031*
INDEXt−1 * I(DDt−1  ≥ 1.8 AND  DDt−1 < 2.8) − 38.52*** 0.00* − 0.01 0.000
INDEXt−1 * I(DDt−1 ≥ 2.8 AND  DDt−1 < 3.8) − 30.26** 0.00 0.00 0.003
Intercept 0.13*** 0.17*** 0.10*** 0.1***
Adjusted R2 61.1% 61.2% 61.0% 61.0%

Fig. 2  Contemporaneous cor-
relation between equity and 
bond returns conditioned to the 
maximum, average, and mini-
mum RSS value
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their associated thresholds were selected using the approach 
detailed in ‘Appendix’.

The augmented cotemporaneous models are presented 
in Table 7. The coefficients of the bond value and duration 
control variables are mostly significant, but the results on the 
effect of changes in the investor’s expectations are not altered. 
The last RSS–credit risk interaction variable, which is insig-
nificant in Table 4, is now significant at the ten per cent level.

The results presented in Table 8 show that the results on 
the causal relationship between changes in the investors’ 
expectations and the correlation hold after controlling for 
the firm size, bond issue size, and duration. An improve-
ment in the investors’ expectations leads to a weaker cor-
relation between equity and bond returns.

Finally, the models presented in Table 6 are augmented 
with the control variables. The first excitement–credit risk 

Fig. 3  Causal correlation 
between equity and bond returns 
conditioned to the maximum, 
average, and minimum RSS 
value
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Table 6  Cotemporaneous and 
causal relationship between 
the RSS’s components and the 
conditional correlation between 
equity and bond returns

The models are estimated using fixed firm effects with correction for cross-sectional error dependence. The 
estimated model is Eq. (13). The dependent variable, C

it
 , is the conditional correlation estimated from the 

VECH (1,1) from Eq. (5). The distance to default, DD
it
 , is obtained from Eq. (10), and I(.) is an indicator 

function that equals 1 if the argument is true and zero otherwise. The first lags of the variables are used in 
the causal model
***,**,*Significance at the 1%/5%/10% level

Cotemporaneous Causal

DD − 0.006** − 0.005**
DD2 0.000* 0.000*
I(DD < 0.8) 0.148 − 0.62***
I(DD ≥ 0.8 AND DD < 1.8) 0.119 0.075
I(DD ≥ 1.8 AND DD < 2.8) 0.093 0.012
I(DD  ≥ 2.8 AND DD < 3.8) − 0.024 − 0.111**
RSS Anxiety − 24.208*** − 17.886**
RSS Anxiety * I(DD < 0.8) 82.708 198.743***
RSS Anxiety * I(DD  ≥  0.8 AND DD < 1.8) 72.918** 80.342***
RSS Anxiety * I(DD  ≥  1.8 AND DD < 2.8) 27.465** 34.878***
RSS Anxiety * I(DD  ≥  2.8 AND DD < 3.8) 10.137 34.933***
RSS Excitement 36.769** 20.026
RSS Excitement * I(DD < 0.8) − 255.61* 33.263
RSS Excitement * I(DD ≥  0.8 AND DD < 1.8) − 215.776*** − 212.409***
RSS Excitement * I(DD  ≥  1.8 AND DD < 2.8) − 109.679*** − 74.027*
RSS Excitement * I(DD   ≥  2.8 AND DD < 3.8) 1.147 18.248
Intercept 0.117*** 0.124***
Adjusted R2 61.2% 61.2%
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interaction variables in the contemporaneous model, which 
is significant at the ten per cent level in the un-augmented 
model, are now insignificant, in which the last anxi-
ety–credit risk interaction variable becomes significant 
at the ten per cent level. However, the obtained results, 
including the one that changes in the anxiety component 
cause changes in the correlation, are unaltered (Table 9).

Conclusions

It is well documented that investors’ preference for assets 
of the highest quality and liquidity sharply increases when 
the markets are unstable, such as crises periods like the one 
witnessed in 2008. At these times, shifts in the common 
expectations about risk and returns are the primary drivers 
of asset prices. Moreover, a recent study by Bollerslev et al. 

Table 7  Contemporaneous 
relationship between the indices 
and the conditional correlation 
between equity and bond 
returns—robustness checks

The models are estimated using fixed firm effects with correction for cross− sectional error dependence. 
The estimated model is Eq. (13). The dependent variable, C

it
 , is the conditional correlation estimated from 

the VECH (1,1) from Eq. (5). The distance to default, DD
it
 , is obtained from Eq. (10), and I(.) is an indica-

tor function that equals 1 if the argument is true and zero otherwise
The asset value Dummies 1–6 take the value of 1 if the log of firm’s asset value in millions of US dollars 
is less than 6 or between the two thresholds of 6, 7, 8, 9, 10, 11 (i.e. 403, 1097, 2981, 8103, 22,026, 59,874 
million). The Bond Value Dummies 1–8 take the value of 1 if the log of bond issue value in millions of US 
dollars is less than 3.1 or between the two thresholds of 3.1, 3.6, 4.1, 4.6, 5.1, 5.6, 6.1, and 6.6 (i.e. 22, 37, 
60, 99, 164, 270, 446, and 735 million). The Bond Duration Dummies 1–3 take the value of 1 if the bond 
duration is less than 3.7 or between the two thresholds of 3.7, 7.2, and 10.5 years. The selection of dummy 
variable sets is described in ‘Appendix’
***,**,*Significance at the 1%/5%/10% level

RSS VIX BW HJTZ

DD − 0.008*** − 0.008*** − 0.003 − 0.004
DD2 0.000** 0.000** 0.000 0.000*
I(DD < 0.8) − 0.086 − 0.112* 0.088*** 0.030
I(DD ≥  0.8 AND DD < 1.8) − 0.095** − 0.141*** 0.031** 0.020*
I(DD ≥ 1.8 AND DD < 2.8) − 0.036** − 0.045*** 0.014* 0.014*
I(DD ≥ 2.8 AND DD < 3.8) − 0.012 − 0.009 0.001 0.001
INDEX 29.849*** − 0.002*** − 0.001 − 0.005*
INDEX * I(DD < 0.8) − 89.841** 0.004*** 0.063** 0.058**
INDEX * I(DD ≥ 0.8 AND DD < 1.8) − 84.093*** 0.005*** − 0.009 0.043**
INDEX * I(DD ≥ 1.8 AND DD < 2.8) − 37.014*** 0.002*** − 0.007 0.004
INDEX * I(DD ≥ 2.8 AND DD < 3.8) − 10.979* 0.00 − 0.006 − 0.002
Intercept 0.213*** 0.223*** 0.169*** 0.155***
Asset Value Dummy 1 (smallest) − 0.277*** − 0.257*** − 0.277*** − 0.259***
Asset Value Dummy 2 − 0.029* − 0.015 − 0.026 − 0.018
Asset Value Dummy 3 − 0.020* − 0.010 − 0.016 − 0.012
Asset Value Dummy 4 0.008 0.015* 0.014 0.016*
Asset Value Dummy 5 0.002 0.007 0.007 0.008
Asset Value Dummy 6 − 0.001 0.001 0.003 0.002
Bond Value Dummy 1 (smallest) − 0.223*** − 0.220*** − 0.234*** − 0.212***
Bond Value Dummy 2 − 0.122*** − 0.121*** − 0.123*** − 0.103***
Bond Value Dummy 3 − 0.051 − 0.045 − 0.058 − 0.040
Bond Value Dummy 4 − 0.073** − 0.068** − 0.081** − 0.066*
Bond Value Dummy 5 − 0.094*** − 0.092*** − 0.1*** − 0.086***
Bond Value Dummy 6 − 0.075** − 0.074** − 0.08*** − 0.067**
Bond Value Dummy 7 − 0.099*** − 0.097*** − 0.104*** − 0.09***
Bond Value Dummy 8 − 0.078*** − 0.073*** − 0.085*** − 0.074***
Bond Duration Dummy 1 (shortest) 0.063*** 0.051*** 0.047*** 0.049***
Bond Duration Dummy 2 0.048*** 0.039*** 0.036*** 0.038***
Bond Duration Dummy 3  0.016*** 0.011* 0.010* 0.010*
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(2018) shows that volatility patterns across the markets are 
highly similar most of the time. This implies that the impor-
tance of changes in the common expectations of investors 
extends beyond the relatively short and infrequent episodes 
of flights to quality and liquidity.

In line with other studies, authors examining the pric-
ing of corporate debt find that the firm-level variables 
implied by the structural model of Merton (1974) cannot 
explain a large portion of the credit spread. Consequently, 
they emphasise the importance of a common factor. We 

contribute to the literature by examining how changes in 
the common expectations of investors affect the correla-
tion between equity and corporate bond returns. We use 
a measure of investor’s expectations, termed the relative 
sentiment shift (RSS), not previously used in financial 
research. The RSS is defined as the difference in relative 
frequencies of words signalling excitement and anxiety. 
We also consider alternative measures of the investors’ 
expectations, namely the VIX, BW (Baker and Wurgler 
2006), and HJTZ (Huang et al. 2015) indices.

Table 8  Causal relationship 
between the indices and the 
conditional correlation between 
equity and bond returns—
robustness checks

The models are estimated using fixed firm effects with correction for cross-sectional error dependence. The 
estimated model is Eq. (13). The dependent variable, C

it
 , is the conditional correlation estimated from the 

VECH (1,1) from Eq. (5). The distance to default, DD
it
 , is obtained from Eq. (10), and I(.) is an indicator 

function that equals 1 if the argument is true and zero otherwise. (− 1) indicates the first lag of the variable
The asset value Dummies 1–6 take the value of 1 if the log of firm’s asset value in millions of US dollars 
is less than 6 or between the two thresholds of 6, 7, 8, 9, 10, 11 (i.e. 403, 1097, 2981, 8103, 22,026, 59,874 
million). The Bond Value Dummies 1–8 take the value of 1 if the log of bond issue value in millions of US 
dollars is less than 3.1 or between the two thresholds of 3.1, 3.6, 4.1, 4.6, 5.1, 5.6, 6.1, and 6.6 (i.e. 22, 37, 
60, 99, 164, 270, 446, and 735 million). The Bond Duration Dummies 1–3 take the value of 1 if the bond 
duration is less than 3.7 or between the two thresholds of 3.7, 7.2, and 10.5 years. The selection of dummy 
variable sets is described in ‘Appendix’
***,**,*Significance at the 1%/5%/10% level

RSSt VIXt BWt HJTZt

DDt−1 − 0.006** − 0.009*** − 0.003 − 0.004
DDt−1

2 0.000** 0.000** 0.000 0.000*
I(DDt−1 < 0.8) − 0.231** − 0.108 0.045 0.015
I(DDt−1 ≥ 0.8 AND  DDt−1 < 1.8) − 0.127*** − 0.123*** 0.016 0.009
I(DDt−1  ≥ 1.8 AND  DDt−1 < 2.8) − 0.052*** − 0.043* 0.005 0.005
I(DDt−1  ≥ 2.8 AND  DDt−1 < 3.8) − 0.036*** − 0.026 0.004 0.004
INDEXt−1 22.326*** − 0.002*** − 0.002 − 0.005*
INDEXt−1 * I(DD− t−1 < 0.8) − 157.403*** 0.004** 0.05** 0.023
INDEXt−1 * I(DDt−1 ≥ 0.8 AND  DDt−1 < 1.8) − 93.133*** 0.004*** − 0.004 0.028*
INDEXt−1 * I(DDt−1 ≥ 1.8 AND  DDt−1 < 2.8) − 40.553*** 0.002* − 0.006 0.000
INDEXt−1 * I(DDt−1  ≥ 2.8 AND  DDt−1 < 3.8) − 31.897*** 0.001 − 0.004 0.003
Intercept 0.182*** 0.207*** 0.143*** 0.14***
Asset Value Dummy 1 (smallest) − 0.256*** − 0.239*** − 0.249*** − 0.245***
Asset Value Dummy 2 − 0.017 − 0.006 − 0.014 − 0.012
Asset Value Dummy 3 − 0.013 − 0.006 − 0.011 − 0.009
Asset Value Dummy 4 0.013 0.017* 0.016* 0.017*
Asset Value Dummy 5 0.006 0.008 0.009 0.009
Asset Value Dummy 6 0.001 0.001 0.003 0.003
Bond Value Dummy 1 (smallest) − 0.193*** − 0.179*** − 0.184*** − 0.18***
Bond Value Dummy 2 − 0.096** − 0.083* − 0.08* − 0.079*
Bond Value Dummy 3 − 0.029 − 0.019 − 0.023 − 0.019
Bond Value Dummy 4 − 0.055 − 0.048 − 0.053 − 0.048
Bond Value Dummy 5 − 0.079** − 0.073** − 0.075** − 0.072**
Bond Value Dummy 6 − 0.065** − 0.061* − 0.061* − 0.057*
Bond Value Dummy 7 − 0.091*** − 0.088*** − 0.09*** − 0.085***
Bond Value Dummy 8 − 0.074*** − 0.07*** − 0.079*** − 0.074***
Bond Duration Dummy 1 (shortest) 0.063*** 0.058*** 0.053*** 0.056***
Bond Duration Dummy 2 0.049*** 0.044*** 0.04*** 0.043***
Bond Duration Dummy 3  0.016*** 0.014** 0.012* 0.013**
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The RSS is strongly correlated with VIX (ρ = − 64%) 
and weakly correlated with the BW and HJTZ indices. 
This implies that the RSS and VIX capture the same effect, 

whereas the other two indices proxy for another effect. In a 
VAR(2) model of all four indices, the RSS equation has the 
lowest explanatory power (R2 = 48%) which suggests that the 

Table 9  Cotemporaneous and 
causal relationship between 
the RSS’s components and the 
conditional correlation between 
equity and bond returns—
robustness checks

The models are estimated using fixed firm effects with correction for cross-sectional error dependence. The 
estimated model is Eq. (13). The dependent variable, C

it
 , is the conditional correlation estimated from the 

VECH (1,1) from Eq. (5). The distance to default, DD
it
 , is obtained from Eq. (10), and I(.) is an indicator 

function that equals 1 if the argument is true and zero otherwise. The first lags of the variables are used in 
the causal model
The asset value Dummies 1–6 take the value of 1 if the log of firm’s asset value in millions of US dollars 
is less than 6 or between the two thresholds of 6, 7, 8, 9, 10, 11 (i.e. 403, 1097, 2981, 8103, 22,026, 59,874 
million). The Bond Value Dummies 1–8 take the value of 1 if the log of bond issue value in millions of US 
dollars is less than 3.1 or between the two thresholds of 3.1, 3.6, 4.1, 4.6, 5.1, 5.6, 6.1, and 6.6 (i.e. 22, 37, 
60, 99, 164, 270, 446, and 735 million). The Bond Duration Dummies 1–3 take the value of 1 if the bond 
duration is less than 3.7 or between the two thresholds of 3.7, 7.2, and 10.5 years. The selection of dummy 
variable sets is described in ‘Appendix’
***,**,*Significance at the 1%/5%/10% level

Cotemporaneous Causal

DD − 0.007** − 0.006**
DD2 0** 0**
I(DD < 0.8) 0.131 − 0.708***
I(DD  ≥ 0.8 AND DD < 1.8) 0.065 0.038
I(DD ≥ 1.8 AND DD < 2.8) 0.089 0.006
I(DD ≥ 2.8 AND DD < 3.8) − 0.024 − 0.105**
RSS Anxiety − 29.276*** − 22.554**
RSS Anxiety * I(DD < 0.8) 69.076 203.868***
RSS Anxiety * I(DD ≥ 0.8 AND DD < 1.8) 72.476** 81.18***
RSS Anxiety * I(DD ≥ 1.8 AND DD < 2.8) 29.066*** 36.864***
RSS Anxiety * I(DD ≥ 2.8 AND DD < 3.8) 11.489* 35.875***
RSS Excitement 35.815*** 19.419
RSS Excitement * I(DD < 0.8) − 205.182 94.015
RSS Excitement * I(DD ≥ 0.8 AND DD < 1.8) − 177.396** − 189.25**
RSS Excitement * I(DD ≥ 1.8 AND DD < 2.8) − 111.977*** − 75.01*
RSS Excitement * I(DD ≥ 2.8 AND DD < 3.8) − 3.088 10.14
Intercept 0.202*** 0.186***
Asset Value Dummy 1 (smallest) − 0.268*** − 0.258***
Asset Value Dummy 2 − 0.027 − 0.017
Asset Value Dummy 3 − 0.02* − 0.013
Asset Value Dummy 4 0.008 0.013
Asset Value Dummy 5 0.002 0.006
Asset Value Dummy 6 − 0.001 0.001
Bond Value Dummy 1 (smallest) − 0.224*** − 0.191***
Bond Value Dummy 2 − 0.122*** − 0.093**
Bond Value Dummy 3 − 0.052 − 0.027
Bond Value Dummy 4 − 0.074** − 0.055
Bond Value Dummy 5 − 0.095*** − 0.078**
Bond Value Dummy 6 − 0.076** − 0.064**
Bond Value Dummy 7 − 0.1*** − 0.09***
Bond Value Dummy 8 − 0.079*** − 0.074***
Bond Duration Dummy 1 (shortest) 0.064*** 0.063***
Bond Duration Dummy 2 0.048*** 0.048***
Bond Duration Dummy 3  0.016*** 0.016***
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largest portion of changes in the RSS is due to orthogonal 
factors. The first lag of RSS is significant in explaining VIX 
while past changes in VIX do not explain variations in RSS.

After controlling for credit risk, we find that the RSS and 
VIX perform similarly in explaining the contemporaneous 
correlation between equity and bond returns. An improve-
ment in the investors’ expectations is associated with a 
weaker correlation. The magnitude of the effect decreases 
as firms move away from the default point. In other words, 
a change in the investors’ expectations will have an outsized 
impact on the correlation between equity and bond returns 
of the riskiest firms and little or no impact on the correlation 
of the safest firms.

Moreover, shifts in the investors’ expectations, proxied 
by the RSS and VIX indices, are significant in predicting 
changes the correlation between equity and bond returns. An 
improvement in the investors’ expectations causes a weaker 
correlation. Here we also discover that RSS is much more 
effective than VIX at predicting correlation across the credit 
risk spectrum. The effect is stronger for the riskiest firms 
and flattens as firms’ credit risk improves. As we are able to 
decompose RSS into the excitement/optimism and anxiety/
pessimism components, we find that this predictive power 
stems primarily from changes to the anxiety components. 
In other words, shifts in investors’ anxiety lead to changes 
in the correlation between equity and bond returns of risky 
firms across the full credit spectrum.

Appendix

The threshold values for the dummy variables are deter-
mined in the spirit of Hansen (2000). We basically regress 
the conditional correlation between equity and bond returns 
on all potential combinations of models using predetermined 
threshold increments and select the optimal model based on 
the Akaike information criterion (AIC).

We assign Dk
it
= I(𝜏k−1 ≤ X

it
< 𝜏k) as the dummy vari-

ables, where X
it
 is the value of a variable for firm i at time 

t, �k are thresholds, and I(.) is the indicator function. �0 is 
equal to the variable’s sample minimum, the first threshold, 
�1 , is equal to the lower limit KL , and the last threshold, �n , 
is equal to the upper limit KU . The difference between the 
lower and upper limits covers the large majority of observa-
tions. The first threshold, �1 , increases by an increment of 
0.1, and the difference between two thresholds,s , starts at 
0.5 and increases by an increment of 0.5, i.e. � = 0.5, 1.0, 
1.5,…. The threshold selection procedure involves estima-
tion of models with all possible combinations of the number 
or thresholds (n), the starting value of �1 , and the differences 
between two thresholds ( � ), which covers the range from 
KL to KU.

In the case of one threshold, the procedure simpli-
fies to estimating the models with one dummy variable 
D

1
it
= I(X

it
< 𝜏1) with �1 = KL,KL + 0.1,KL + 0.2,… .,KU.

I n  t h e  c a s e  o f  t wo  t h r e s h o l d s ,  w h e r e 
�1 = KL,KL + 0.1,KL + 0.2,… .,KU − � and �2 = �1 + �.

In the case of n  thresholds,  D
1
it
= I(X

it
< 𝜏1) 

a n d  D
k
it
= I

(

𝜏k−1 ≤ X
it
< 𝜏k

)

,  w h e r e 
�1 = KL,KL + 0.1,KL + 0.2,… .,KU − (n − 1)�  a n d 
�k = �1 + (k − 1)�.

Performing the above procedure on the distance to default 
variable requires estimation of 4753 models with all com-
binations of the number of dummies (1–26), the starting 
value of �1 = 0.5 , and the differences between two thresholds 
� = 0.5, 1, 1.5…, which cover the range from KL = 0.5 to 
KU = 13 . The values between these limits cover 98% of the 
observations. The lowest AIC gives a model with 15 dummy 
variables or thresholds, and the lowest SSE gives a model 
with 26 dummy variables. The greatest improvement in AIC 
(94%) and SSE (90%) is achieved by the best performing 
model with four dummies. Therefore, we use the best per-
forming four-dummy model in order to present a model that 
is as parsimonious as possible. Thus, the optimal thresholds 
for the distance to default dummies are 0.8, 1.8, 2.8, and 
3.8. The threshold values for the robustness variables are 
selected in the same manner.
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