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Abstract

We find that illiquidity remains a major factor in explaining corporate spreads. Illiquidity is
second only to the credit risk itself. This effect is surprising given that the corporate debt
trading activity has more than doubled in the US since the financial crisis of 2008. Longer
bonds are substantially more illiquid than shorter bonds as one additional year in time to
mature dries liquidity by 16%. We regress monthly cross-sectional corporate yield spreads on
our return-based illiquidity measure, controlling for other variables such as the CDS spread
and volatility. We find that a one standard deviation increase in illiquidity widens spreads by
26 basis points.
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1 Introduction

This research focus on the empirical evidence of liquidity-based risk factors pricing into
corporate bond spreads. We study this contribution in both an aggregate market level and
individual bond spreads, the latter being our main motivation, by defining and computing a
measure of illiquidity and analyzing its effects on spreads. We find a return-based illiquidity
measure that is both economically and statistically significant. At the individual corporate
bond level, we find that illiquidity plays an important role in pricing spreads, as a one sigma
increase to an issue’s illiquidity widens spreads by 26 basis points.

The lack of liquidity is one of the main explanatory factors to variations in corporate yield
spreads, second only to the corporate risk itself. It is important to highlight that these findings
were obtained in a liquidity-towards set of investment grade corporate bonds and we have
reasons to believe that illiquidity can be even more important when dealing with the average
issue in the broader market.

In addition, results suggest that when the broader market liquidity improves, illiquidity
becomes more important in explaining spreads variation at the individual bond level. Illiquidity
also becomes more relevant in explaining variation in yield spreads on a subset of lower-
rated securities when compared to a second subset of top-rated issues within our sample
of investment grade bonds. By replicating our model on a set of bonds rated A- or higher
by S&P we find that illiquidity has no effect on spreads, whereas on the remaining set of
lower-rated investment grade bonds it presented a meaningful impact. On this latter set of
issues, a one sigma negative liquidity shock is responsible for adding an average of 33 basis
points to the corporate spread.

We also regress pooled OLS estimations with clustered standard errors to find evidence that a
bond’s longevity is the main factor to explain variations in its illiquidity, as longer securities
expose investors to more uncertainty than their shorter peers. One additional year in time to
mature can dry an issue’s liquidity by 16%, on average.

Our model and illiquidity measure is based on Bao, Pan and Wang (2011) and it covers the
period from 2014 through 2016-Q3 when the corporate debt market had experienced record
breaking volumes of issuance and trading1 as one can refer to in Figure 1. At the individual
bond level, our findings for illiquidity are mostly aligned with those presented by the authors,

1The Daily Average Trading Volume does not include inter-dealer trading. The Issuance Volume does not
include convertibles.
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even though their sampled period, including the financial crisis, captures a different market
environment.

Whereas our results show that the main factor to explain illiquidity is time to mature, Bao,
Pan and Wang (2011) suggested that a security’s age is the main driver of its illiquidity.
However, both results are related to a bond’s existing period in the secondary market instead
of other issue’s intrinsic characteristics, such as coupon paid, issuance amount and issuer’s
default risk. Also, the authors have found that illiquidity is more relevant amongst higher
rated bond as oppose to our evidences of more substantial contributions to lower rated bonds.

The fact that illiquidity impacts expected returns in a broad set of asset classes is widely
explored in literature. One can refer to an extensive list of papers including: Amihud and
Mendelson (1986); DeMarzo and Duffie (1999); Amihud (2002); Amihud, Mandelson and
Pedersen (2005); Bekaert, Harvey and Lundblad (2007); Brunnermeier and Pedersen (2008);
amongst others to find such evidences.

Moreover, focusing specifically on the corporate bond market liquidity, literature includes:
Longstaff, Mithal and Neis (2004); Chen, Lesmond and Wei (2007); Bao, Pan and Wang
(2011); Dick-Nielsen, Feldhutter and Lando (2011); Huang and Huang (2012); Bongaerts,
Driessen and de Jong (2017); amongst many others, whose results showed that the illiquidity
found in this asset class’s market is one of the main factors — and in some subsets of bonds,
the main factor — of spreads pricing.

Lastly, existing literature also suggests that illiquidity and/or stress shocks flow across different
asset classes as shocks, e.g. in the equity market, also impact spreads in the corporate bond
market. Campbell and Taksler (2003) found that idiosyncratic firm-level volatility can explain
corporate yields; de Jong and Driessen (2005) showed that the treasury bond liquidity and
the equity market liquidity impact corporate bond returns; Acharya, Amihud and Bharath
(2013) studied the impacts to corporate bond returns from liquidity shocks in the equities
and treasuries markets; Huang, Huang and Oxman (2015) found a connection between stock
liquidity and corporate spreads; Hibbert et al. (2011) concluded that stock market volatility
has a positive effect on corporate spreads; Chordia, Sarkar and Subrahmanyam (2005) found
cross-market liquidity correlation between Treasury bonds and equities markets, amongst
others. While some authors use equity volatility as a proxy for illiquidity, we use volatility to
measure stress in the equity market to also find evidences of an existing cross impact between
the equity and corporate bond markets.

We also define an aggregate illiquidity measure captured by the average of the individual
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illiquidity calculation for each bond binding to the further discussed selection criteria at the
period observed. Our defined aggregate illiquidity measure has an average of .74 over the full
sampled period of 2014-Q1 through 2016-Q3, against a median of .03.

When regressing the aggregate illiquidity measure on market conditions, we conclude that the
volatility in both corporate bonds and equities markets is the main force driving away liquidity
from the corporate debt activity, as investors shift their positions from riskier investments
to safe-haven assets during stressed periods. While results are strong for the bond volatility
coefficient, they are not as strong to the equity market volatility. A percentage point increase
to the bond market volatility adds .2 (∼27% of full sampled period mean) to the aggregate
illiquidity measure. The same variation for the equity market volatility, adds about to one
tenth of what is seen by bond volatility. Interestingly, the aggregate credit risk measure
captured by a CDS Index and the volume traded did not influence our proposed aggregate
illiquidity measure.

At the aggregate market level, we find a rather intriguing negative relation between illiquidity
and corporate spreads, however, results at the aggregate market level were not as strong as
the bond level. Rather than related to market conditions, we believe that the reasons for the
negative slope lies within our sample selection criteria and aggregate indexes used for market
representation as we discuss in details further on this paper. On this aggregate market level,
other variables included to our model are far more robust and important to the spread than
illiquidity.

The aggregate CDS Index and the equity market volatility are the main contributors to
the aggregate corporate spread. A 100 basis points increase from the average of the CDS
Index adds 76 basis points to the average of the aggregate corporate spread. In addition, a
percentage point deviation from the average of the VIX adds 1.83 basis point to the aggregate
corporate spread.

These results are important as it will provide researches and practitioners a clear insight
into whether illiquidity, an important factor in the corporate bond market, still has its place
after the increase in volume in debt activity and issuance, and how it relates to an issue’s
characteristics and the broader market conditions.

The paper is organized as follows. Section 2 describes and summarizes the data. Section 3
follows with a background discussion on illiquidity and presenting and discussing our measure.
Section 4 examines the illiquidity contribution to corporate bond spreads and Section 5
concludes.

11
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Figure 1: Corporate Bond Levels, Interest Rates and Economic Sentiment

2 Data Description

For this paper, we make use of bonds which were, at the time observed, part of the FINRA2-
Bloomberg Active Investment Grade U.S. Corporate Bond Total Return Index. The index, as
per Bloomberg’s definition, "measures the total amount earned by owning a security over the
time period. It incorporates the accrued interest on the bond during ownership, coupons paid
out on the bond, and rise and fall of the bond’s price. It is the most complete measure of the
amount of money made on holding fixed income issues in the index."

Therefore, this index is one of the most valuable benchmarks for corporate bond traders.
As suggested by the name, the index comprises the most active and investment grade only
corporate bonds in the market, highlighting the importance of the bonds included in our
sample selection. For the bonds selected, we make use of end-of-day price information for the
illiquidity measure calculation. Daily prices were captured using Bloomberg data.

Moreover, to be included in the sample for calculation of the illiquidity measure, the bond
must have traded at least 75% of the business days within the used time frame (namely
monthly, unless otherwise noted). The size of the sample thus varies overtime, depending on

2The Financial Industry Regulatory Authority (FINRA) is an independent, non-governmental and not-for-
profit watchdog acting in U.S. financial markets
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expiring bonds, new issued bonds, bonds included in or excluded from the index as well as
having enough trading data in the observed time period. Given our source for bonds, a high
percentage of the bonds available bind into the criteria. Table 1 summarizes our bond sample.

We differentiate illiquidity on the aggregate level and on the individual bond level. Hence, it
is needed to expand on and note the differentiation in the data used for each level, as follows:

At the individual bond level, spreads are calculated using the comparable constant maturity
government bond rate from the FRED dataset, with simple interpolations made, when
necessary, to match an issue’s maturity.

The individual bond corporate risk is represented by the issuer’s CDS. Daily CDS spreads are
captured also using Bloomberg. In addition, we also make use of the issuer’s equity volatility.
As we use monthly cross-sectional data for the calculation of individual illiquidity, we capture
the 30-day equity volatility of the issuers using Bloomberg.

Now looking at the aggregate level, we rely primarily on indexes to capture broader market
information. We use the FINRA-Bloomberg Yield Index for Investment Grade bonds only,
released by FINRA’s Trade Reporting and Compliance Engine, Trace3, the main source for
corporate bonds data, as a proxy to calculate the aggregate corporate bond yields. We then
calculate spreads on aggregate level by using the 5-year government bond constant maturity
yield published by the FRED.

The S&P/ISDA U.S. Investment Grade CDS Index is used to represent the aggregate credit
risk in the model. This index is constructed with one hundred equally weighted 5-year credit
default swaps (CDS’s) on investment grade U.S. based corporate entities. It rolls into a new
on-the-run series on a semi-annual basis in March and September and is designed with a focus
on liquidity of underlying constituents. We captured the index data using Bloomberg.

To compute the aggregate corporate debt market volatility, we make use of the Bloomberg-
Barclays US Corporate Bond Index, composed by investment grade, fixed rate and taxable
corporate issues, including U.S. and non-U.S. based industrial, utility and financial companies,
aligned with our sample selection. Markets trading and issuance volume statistics come from
the Securities Industry and Financial Markets Association (SIFMA), which is responsible

3Trace is the FINRA-developed tool for reporting over-the-counter transactional data for a set of fixed
income products. It is the main source of data for corporate bonds trading activity. We had no access to this
database on this study, but the results might be highly improved by using their data. Dick-Nielsen (2013)
shows that the non-appropriate clean-up of this database strongly bias the results towards a more liquid market
and provides corrections to this issue.

13



for representing firms and enhancing transparency and information in many segments of the
financial industry to policy-makers, regulators, participants and general public.

It is not hard to see that the bonds used in our sample follow a liquidity-towards bias selection
criteria, although, as this bias works against our hypothesis, if the results are both statistically
and economically significant for bonds comprised in these sample selection criteria, we are
keen to believe that it also holds for the broader market. Also, the bonds binding to these
criteria are the most relevant to focus on as they form most of the secondary market trading
activity and the results thus have more implications for daily trading activities.

14



Table 1: Corporate Bonds Characteristics

This table reports the summary of bonds included in the sample of monthly gamma estimations within each period. Age and maturity are calculated at the end of
each period and reported in years. Bonds matured before the year-end cut are not included in neither age or maturity calculations. Moody’s rating is on the issuer.

2014 2015 2016-Q3 Full Period

All Bonds In Sample All Bonds In Sample All Bonds In Sample All Bonds In Sample
N. of Bonds 2,209 2,005 2,766 2,292 2,765 2,671 3,549 3,426
N. of Issuers 395 356 409 401 449 442 507 496

Domestic (US Firm) 83% 85% 73% 85% 85% 85% 84% 84%
Sectors
Financial 32% 31% 24% 28% 29% 29% 30% 30%
Energy 12% 11% 12% 15% 14% 14% 13% 13%

Health Care 8% 8% 8% 10% 10% 10% 10% 10%
Others 48% 50% 56% 47% 47% 47% 47% 47%

Rating
S&P ≥ A− 30% 31% 29% 35% 41% 41% 35% 35%
Fitch ≥ A− 32% 33% 31% 36% 41% 41% 35% 35%

Moody’s ≥ A3 46% 47% 39% 45% 46% 46% 45% 45%
Payment Rank

Sr Unsecured 94% 96% 81% 95% 95% 95% 94% 94%
Subordinated 5% 3% 4% 4% 4% 4% 4% 5%

Others 1% 1% 15% 1% 1% 1% 2% 1%
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median

Market Price ($) 105.84 103.19 105.89 103.32 102.85 101.18 102.84 101.19 103.19 102.21 103.28 102.34 103.48 101.77 103.55 101.84
Issuance Price ($) 99.60 99.76 99.62 99.76 99.63 99.77 99.63 99.77 99.65 99.78 99.64 99.78 99.64 99.78 99.64 99.78

Coupon 4.32 4.35 4.22 4.2 4.01 3.9 3.98 3.875 3.84 3.65 3.85 3.65 4 3.875 3.98 3.875
Issuance in $MM 728 550 1,186 1,000 905 750 1,228 1,000 1,054 900 1,242 1,000 888 750 1,193 1,000

Maturity 7.78 4.91 7.49 4.65 7.9 5.125 7.89 5.12 8 5.2 7.95 5.19 8.15 5.16 8.07 5.08
Age 4.3 3.2 4.1 3.2 4.1 3.13 4 3.11 3.87 2.92 3.9 2.94 4.24 3.26 4.6 3.84

15



3 Measuring Illiquidity

3.1 Overview

It has always been a challenge to identify and measure the liquidity of a specific market or
asset. Although some of the measures are well-known and widely used by both academics
and practitioners, there are several papers one can refer to find different liquidity measures,
each said to be more robust and accurate than the other. Textbooks say that illiquidity is
the deviation of an asset price from its fundamental value, originating from market frictions.
However, the challenge lies not only in the idea of what can define illiquidity but what is a
measure that can capture all of its implied characteristics in a specific market.

There are different models to compute illiquidity, differentiating in the concept, the design
and mostly the data source available. The most common proxies of illiquidity in literature
and commonly used by market practitioners, because of its simplicity and broad information
availability, are market metrics. Market metrics include number or percentage of non-traded
days, bid-ask spread, turnover (trading volume as percentage of outstanding size), volatility,
amongst others.

The literature has since developed to accommodate different views on the measure of liquidity.
Trading data-based illiquidity measures aimed to capture and analyze market frictions existing
on regular trading activity have arisen. These measures became more popular with the
dissemination of trading data brought by transparency-driven tools — in our case of study,
Trace. The following papers are example of papers that capture illiquidity through the
price impact of trading activity. Roll (1984) shows that an implicit bid-ask spread can
be obtained based on the covariance between consecutive returns, Amihud (2002) uses the
absolute value of daily return-to-volume ratio to capture price impact in transactions, both
showing how transactional costs can impact prices. Other authors capture different aspects
of transactional impacts to illiquidity; Brunnermeier and Pedersen (2008) design a model
to accommodate an illiquidity measure that captures how funding and margin requirements
can impact liquidity, DeMarzo and Duffie (1999) draw an asymmetric information model,
measuring how information impacts liquidity. Dick-Nielsen, Feldhutter and Lando (2011)4

introduce a metrics computed by an equally weighted average of different illiquidity measures,
including Roll and Amihud.

4Dick-Nielsen, Feldhutter and Lando (2011) present a measure said to be more robust and complete than
the one presented by Bao, Pan and Wang (2011). However, it requires the use of intraday transactional data.
As our database is composed only by end of day reporting, we stick to our illiquidity measure.
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Chacko, et al. (2005) present a liquidity measure, not based on transactional information but on
the accessibility of the issues, by using information around the ownership of the securities. The
main advantage of this model, they have said, is that liquidity and transactional information
availability are correlated, i.e., more liquid markets tend to be more transparent and vice-versa.
Thus, their approach works on very illiquid markets with no transactional data available.
Their ’latent liquidity’ is based on a sell-side view and from a security holding perspective to
assess the issue availability. The measure presents robustness in both illiquid markets with no
transactional data available and liquid markets with transactional data for common measures
of liquidity.

Therefore, the literature has evolved and spread into different views and approaches, in search
for a more accurate and better-tuned metrics for liquidity. A common point has not yet been
found. Some metrics are more robust when applied to specific markets than others, some work
best during stressed time periods as oppose to others stronger in less volatile environments.
The choice for the most accurate measure by the researcher depends on the understanding
of what each of these metrics can capture, which frictions they are focused on, what is the
researcher focusing on and most importantly, how much data is available to the researcher to
explore the measure of his choice and maybe go further and compare against others. As we
have previously stated, we based our research on Bao, Pan and Wang (2011) and hence make
use of the same metrics, based in Roll (1984) and described in the following subsection.

3.2 Our Illiquidity Measure, γ

Roll (1984) has noticed that under two assumptions: i) that the asset is traded in an
informationally efficient market and ii) the probability distribution of observed price changes
is stationary, at least for short period intervals, an implicit bid-ask spread can be extracted
by the covariance of consecutive price changes. Hence, the covariance of consecutive returns
represents a market friction, in form of transactional costs, which impacts price deviations for
when no new information is incorporated by the market. It is important to note that while in
efficient markets the consecutive returns covariance cannot be due to new information, the
variance and correlation statistics of observed price changes are liked to be dominated by new
information absorbed by the market.

Bao, Pan and Wang (2011) construct then an illiquidity measure, γ, which is based on the
proposed covariance, while also being motivated by the two properties this component must
present: it derives from market frictions and has transitory impact. In this sense, the authors

17



deliver an illiquidity measure:
γ = −Cov(∆pt,∆pt+1) (1)

Where pt is the logarithm of the clean price, Pt, and consists of two components:

pt = ft + ut

The log price pt has a fundamental component, which reads as the value of the asset if no
market frictions are in place and follows a random-walk process. The price is also added by a
transitory component, ut. This price component is uncorrelated with the fundamental value,
as also considered by Niederhoffer and Osborne (1966), Roll (1984) and Grossman and Miller
(1988), among others. As it combines all deviations from the fundamental value, ut has a rich
dynamics, which we know little other than it is transitory. Considering it follows an AR(1)
process, it implies5

γ = (1− ρ)
(1 + ρ)σ

2, (2)

where σ is the instantaneous volatility and ρ the persistent coefficient of ut. Thus, γ combines
various aspects of ut, although not all aspects of ut are captured. In this sense, γ itself is a
partial measure of illiquidity.

To begin computing γ, we pair and calculate the daily-annualized logarithmic return for each
bond i on the day t. It is important to notice that the pair of prices used to calculate the
returns can be between non-consecutive days, as long as the bond has not been traded any
day in between. The horizon of price changes used to measure the illiquidity also affects
its value as well as the essence of what the component ut is capturing. As daily prices are
used, we capture in this work a more of the high frequency components in transitory price
movements, as used in (and stated by) Bao, Pan and Wang (2011). Interestingly, extending
the cross-sectional horizon for pairing the daily returns, e.g. paired daily returns over a month,
a quarter or a year, had an increasing effect on illiquidity computations within our sample.

After pairing up the annualized daily log returns, we then estimate the illiquidity using the
first moment condition of:

γ̂ = −E[∆pi,t∆pi,t+1] (3)

Equation (3) yields for each bond i an individual measure of illiquidity for each cross-section
t, based on the covariance between its daily-annualized returns. This will be the individual
bond level illiquidity.

5This result is shown in the Appendix
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Our illiquidity calculations for each annual and full-period cross-sections summarize as follows:

Table 2: γ Estimations per Cross-Sectional Period

2014 2015 2016-Q3 Full Period

Mean .198 .108 -.017 .741
Median .004 .044 .026 .028
St. Dev. 2.86 .951 1.12 19.59

We then define an aggregate illiquidity measure by computing the simple average of individual
γ estimations within the observed cross-sectional period. Thus meaning that different periods
aggregate γ’s do not necessarily have the same sample of bonds included for calculation as
it only considers the bonds that are in compliance with the selection criteria in that single
period.

After defining and estimating our aggregate illiquidity measure, interesting is to look at how
it has changed over time. We do so by computing an aggregate γ on a quarterly basis and
plotting its time-series.
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Figure 2: Quarterly Aggregate γ Estimations

We can observe in Figure 2 that aggregate illiquidity has been on a descending trend overtime.
The peak in our sample was experienced on the first quarter of 2015. However, this was not
due to any increase in risk factors per se but on a rather curious high number of very long
bonds that had enough trading days to made through our (already strict) cut for γ estimation.
These long bonds saw a very large γ calculation in despite of the good percentage of traded
days. As the time passed, these bonds’ trading activity lowered as they faded away from our
samples.
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The peak in 2015-Q1 stood at .328. The 5th and 95th percentiles for this quarter were
respectively 0 and .972. In contrast, the lowest quarterly aggregate γ was in 2016-Q1, when it
stood at -.049 and the 5th and 95th percentiles were respectively -1.17 and .84.

After defining, describing, computing and plotting an illiquidity measure, we will now focus
on what are the impacts it brings to corporate spreads, and on what drives illiquidity. We do
so in both an aggregate level and an individual bond level. As our focus is individual bond
spreads, we analyze this level first in the following session.

4 Bond Illiquidity, Spreads and Bond Characteristics

4.1 Individual Bond Level

To estimate how an individual bond’s illiquidity affects its spread we first compute the spreads
using the comparable constant maturity government bond rate from the FRED dataset.
Simple interpolations are made when necessary to match the exact same period of the bond.
We then regress the obtained spread on our estimated γ. Our model also includes the CDS as
a proxy for the issuer’s credit risk, the issuer’s equity volatility as well as the security’s age
and time to mature as controls. Results are reported in Table 3. We find results with strong
statistical and economical significance as we discuss next.

The credit risk is, not surprisingly, the main factor of spreads pricing. When we regress the
CDS alone, results suggest that a 100 basis points increase in an issuer’s CDS widens the
corporate yield spread by 84 basis points. When we control by other variables, we can see
that this contribution lowers, although it remains a meaningful contribution as it adds an
average of 73 basis points to the corporate spread.

The second largest contributor to variation in spreads at the individual bond level is illiquidity.
We find a positive γ slope that has an important place when building corporate bond
spreads with strong statistical significance. When regressed with the CDS alone, illiquidity’s
contribution to spreads are rather large. Recalling the full sampled period standard deviation
from Table 2, a one sigma increase in gamma at this level adds on average 49 basis points to
the corporate spread. When we control by other variables, this contribution falls to 25.79
basis points. This result highlights an expressive increase in corporate spreads from negative
illiquidity shocks.

Interestingly, when we control the results by other variables, the γ coefficient also sees its
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t-statistics dropping to 9.59 from the previous level of 19.34, although this final result remains
strong.

Hence, the role played by liquidity is still a matter of concern in the corporate bond market
even though this market has reached unprecedented levels of both trading and issuance
volumes, as highlighted earlier. If the volume and activity in this market has largely improved
in recent years, then why is illiquidity still so relevant?

First, let’s consider two other markets with notable levels of liquidity: the US treasuries and
equities markets. We have gathered data dating back to 2009 for the average daily volume
traded in these two markets in addition to our presented corporate bond market data and
plotted in Figure 3 a comparison across these assets.
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Figure 3: Average Daily Trading Volume Across Different Asset Classes

Indeed, the corporate bond market had the largest experienced activity expansion, with the
average daily trading volume increasing by 51% during this period to nearly $30 billion in
2016 compared to increases of 26% and 24% in trading volume in the treasuries and equities
markets, respectively.

However, the volume in corporate debts activities is still just a small fraction of those
experienced by the other two markets. In 2016, the daily average trading volumes were: $514
billion in the treasuries market, $273 billion in the equities market and lastly $30 billion in
the corporate bonds market, displaying the significant differences between these asset classes.

Also, on the phenomena of the important role played by illiquidity in the corporate debt
market, one can also make the point for the impacts of the increased regulation that followed
the 2008 crisis to the liquidity in financial markets. This subject has been a matter of long
and passionate discussions amongst all parties interested in financial markets, including
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practitioners, academics and politicians, and it should be considered when discussing the
corporate bond market activity.

The large majority of market practitioners have openly said that the current regulatory
scenario has harmed market activity6. This view is underpinned by Adrian, Boyarchenko and
Shachar (2017) that showed that post-crisis regulation had an adverse impact on liquidity in
the corporate debt activity. This result also supports and help us understand our findings on
the importance of illiquidity to this market still these days.

To obtain the contribution of illiquidity to individual corporate bond spreads we estimate
coefficients by using Fama-Macbeth (1973), with robust statistics. To facilitate the reading
of our γ slope, we run a level-log estimation for this variable. As per logarithm function,
negative values are dropped. However, the remaining data is still a large set of more than
30,000 observations across all bonds and periods, which accounts for circa around 2/3 of the
full sample. We therefore have monthly cross-sectional data for 2,548 bonds across the full
period of 33 months (unbalanced). Results are reported in Table 3 with t-statistics shown in
square brackets as follows:

Table 3: Bond Level Yield Spreads on γ and Other Bond Characteristics

Fama-Macbeth estimation, 30,173 observations. The CDS an the Equity and Bond Volatilities are expressed in
percent. Spreads are calculated in percentage points. Age and Time to Mature are presented in years.

CDS
.842***
[33.85]

.804***
[30.27]

.739***
[27.00]

.771***
[29.05]

.728***
[28.29]

ln(Gamma)
.147***
[19.73]

.148***
[19.34]

.078***
[9.59]

Equity Volatility
.557***
[3.06]

.464***
[2.83]

.566***
[3.16]

Age
.046***
[29.21]

Time To Mature
.0316***
[14.40]

Constant
.667***
[16.42]

.563***
[12.02]

1.15***
[19.20]

1.25***
[20.41]

.47***
[6.80]

R2 .29 .2959 .3456 .3416 .3779

6The Wall Street Journal article "Big Bond Investors Say Liquidity Has Declined in Past Year" released on
3/31/2016 reports that "three-quarters of institutional investors say that liquidity provided by bond dealers
has declined in the past year"
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We continue our analysis by breaking down our full sample in different groups to see how
the contribution of illiquidity varies amongst different sub-samples. We do two different
breakdowns, one by rating and one by year. We base our rating breakdown on the S&P
classification and consider two subsets of investment grade corporate bonds: those rated A-
or higher and the remaining group of securities from our dataset. On the year breakdown, we
divide our sample of bonds in three of the years covered by our full sample. We first estimate
the Kernel Density for illiquidity for each group of bonds to see how γ differentiates between
our subsets and then replicate our model in each breakdown. The results of our model for
each breakdown are reported in the Appendix and the estimations of the density for each
subset are as follows:
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Figure 4: Kernel Density Estimations for Each Subset of Bonds

We start by analyzing the rating breakdown. Interestingly, when we look to the complete
model we see an illiquidity coefficient that is not statistically significant at the top-rated
group, as oppose to estimations at the lower-rated set of bonds, in which illiquidity remains
the second main factor in explaining variation in spreads. At this latter set of issues, a one
sigma negative liquidity shock is responsible for widening corporate yield spreads by 33.48
basis points, on average.

The fact that illiquidity loses its statistical significance at the top-rated level is rather curious.
When we regress illiquidity with the CDS alone, our γ slope presents a robust coefficient of
.11 and a strong t-statistics standing at 11.95, while adding nearly as much as the CDS to the
R2. However, when we control by other variables, we see the coefficient’s t-statistics plunging
to 1.72 while the coefficient itself drops dramatically to .02, as time to mature becomes a
more important factor at this group of bonds than illiquidity. This result contrasts with Bao,
Pan and Wang (2011) as they have found that the higher the rating, the more substantial is
the contribution from illiquidity to the spreads.
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We continue this exercise by grouping the monthly cross-sections by year to see how this
illiquidity contribution has changed over time. By replicating our model to each year, we find
results that are also strong and in line with the full-period exercise, except for the equity
volatility, which only becomes statistically significant in 2016.

First, it is important to observe how the R2 jumps in 2016 to 63.87% from nearly 30% levels
in previous years. Moreover, it is important to notice how the illiquidity’s contribution to
variations in spreads peaked in 2016, followed by 2014, and lastly, 2015. This finding is very
intriguing as we see an increasing contribution from illiquidity to variation in individual spreads
when the overall market liquidity improved. This reads as when the broader market liquidity
levels improve, the individual bond level liquidity becomes more important to variations in
spreads between bonds. However, this result should not be confused with higher increases in
spreads from negative liquidity shocks in 2016 as oppose to other years. Note that the actual
contribution of a one sigma shock to illiquidity widens corporate spreads an average of 33.5
basis points in 2015, compared to 29.1 basis points in 2016 and 15.6 basis points in 2014.

After the results suggested the large role played by illiquidity in the building of corporate
bond spreads, the next step is to analyze what are the security’s characteristics responsible
for drying its liquidity. The model used will be discussed further in this section. Results can
be found in Table 4.

Our findings have large economical significance, as the estimations are robust and with
meaningful contributions to an issue’s liquidity. The most important factor explaining
illiquidity is a bond’s longevity. Referring to Table 4, we can see that a bond’s time to mature
can explain shortly below 40% of its illiquidity while presenting a robust t-statistics of 25.86.
Controlling by other variables does not change much the results for this coefficient. Looking
to the complete model, we find that, on average, one additional year for a bond to mature
can increase its illiquidity by 15.58%, a large contribution.

The reasons for such a large contribution from a bond’s time to mature is related to the
increased exposure faced by the investors when holding these issues. Longer assets carry far
more risk than its shorter peers as they expose the investor to more uncertainty on the firm’s
future credit outlook as well as on the general economic conditions and on other variables.
Thus, it is harder for these bonds to change hands as it is more difficult to find investors with
more risk appetite in the market place to trade these securities.

When we control the maturity slope by market characteristics, such as the issuer’s CDS and
equity volatility and the percentage of non-traded days, we find that these metrics little affect
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a bond’s liquidity. Results for these coefficients are also not as strong, with t-statistics highly
inferior to the maturity slope. Nonetheless, they still have its contribution to illiquidity and
need to be discussed:

As expected, the CDS and equity volatility have a positive slope as they capture a sense of
stress and/or risk faced by the issuer. As the firm’s credit perspective deteriorates, i.e. its
CDS widens, the bond becomes more illiquid. Our findings suggest that a 100 basis point
increase on the CDS can increase the illiquidity of a bond by 21.45%, on average. The firm’s
volatility in the stock market also has a negative impact on a bond’s liquidity as a 1 percentage
point increase in the issuer’s equity volatility dries away an average of 1.52% of the bond’s
liquidity.

We complete our equation by controlling the results with the addition of the bonds’ intrinsic
characteristics, such as coupon paid and issuance amount. These control variables also do
little on the contribution to illiquidity. Not surprisingly, largely issued bonds tend to be
more liquid. In addition, even though the coupon coefficient is statistically significant, results
indicate that it is close to zero and we thus believe that its statistical significance was due to
the size of our sample rather than real contribution to γ.

These findings are aligned with those presented by Bao, Pan and Wang (2011). Their results,
however, suggested that the main explanatory variable to liquidity was a bond’s age whereas
our evidences suggest that it is time to mature. We estimated the regression inclusive of the
bonds’ age, however, results were weak to this coefficient when regressed excluded of time
to mature. When both variables were regressed together, results did not add value to the
discussion. Hence, as time to mature had a strong explanatory power as oppose to age we
decided to keep only this variable in our model.

To obtain our results, we estimate coefficients by running a pooled log-level OLS regression,
using standard errors clustered by month and bond. We made small changes to the units of
the regressed variables to facilitate the reading of the slopes below. T-statistics are reported
in square brackets. Results are reported in Table 4.

After covering the individual spreads, it is important to go over this exercise at the broader
market level and observe what is the effect of aggregate illiquidity to spreads as well as what
drives this market’s liquidity. This will be conduct in the next subsection.
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Table 4: Bond Level γ on Bond Characteristics

Pooled OLS estimation with standard errors clustered in two dimensions. The CDS is expressed in basis points, Bond
Volatility and Zero Trading Days are expressed in percentage points.

Time to Mature
.164***
[25.86]

.162***
[26.26]

.156***
[25.87]

CDS
.003***
[4.90]

.002***
[4.17]

Equity Volatility
.015***
[2.65]

.015***
[2.71]

Zero Trading Days
.099***
[3.93]

.093***
[3.83]

Coupon
.001***
[5.65]

Issuance ($Bn)
-.067**
[-2.42]

Constant
-4.6***
[-36.79]

-5.18***
[-30.28]

-5.41***
[-28.01]

R2 .3708 .4039 .41

4.2 Aggregate Market Level

We start by analyzing what drives illiquidity at the aggregate market level. As it is commonly
known in literature, as well as by practitioners, high volatility tends to drive away investors
by making participants shift their positions to more haven-like and less-riskier assets. We
then analyze whether the volatility of the bond and stock markets have this effect on the
corporate debt market liquidity. The indexes used for capturing aggregate market measures
follow the indications presented in Section 2. We discuss the model implemented, inclusive of
control variables, further in this section and report the results in Table 5.

Our findings suggest that the bond market volatility is the main contributor to changes in
this market’s illiquidity accounting for 23% of its variation. Although this coefficient is both
economically and statistically significant, it is not as robust when regressed alone as oppose
to when control variables are added. On the last column of Table 5, we can see that both
the t-statistics and the magnitude of the coefficient have improved with the addition of more
variables to the equation. With a t-statistics of 3.48, the slope indicates that a 1 percentage
point increase in volatility adds circa around .2 to the aggregate illiquidity measure, on average.
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This increase represents about 27% of the full sampled period mean. This finding is aligned
with our expectations. As higher volatility makes participants more cautious, increases in the
corporate bonds market volatility drive away investors, thus drying the market’s liquidity.

The only other statistically significant contributor to illiquidity is also a volatility-related
coefficient, but now in the equity market, the VIX. Again, this coefficient only becomes
significant when we control our results for other variables. Looking at the complete model,
we see that an increase in the equity market stress levels can spread to the corporate bond
market, also drying liquidity away. This is due to the fact that the equity market volatility is
the most common sense for general stress levels in financial markets as a whole. So, when this
market is stressed, investors usually search for protection in haven-like assets such as gold
and treasuries thus pulling back from riskier investments across all markets, not only equities.
A 1 percentage point increase in the equity market volatility, however, adds to the corporate
market illiquidity nearly one tenth of what the same increase to the bond market volatility
does, i.e., .024 (or 3% of the full sampled period mean).

The term spread, when regressed only with a subset of variables, also contributes to the
illiquidity. However, its statistics is not strong and the coefficient’s statistical significance
fades away when more control variables are considered into the equation. Referring to the
third column of Table 5, we can see that the term spread coefficient has a negative slope
and we list two possible explanations: i) the long-lasting near-zero bound rates level made
investors search for higher yields in alternative markets, reads the corporate bond market,
and this investment shift brings more activity to it and ii) companies issue more debt as they
fear interest rates are to hike, thus locking their debt to lower levels. In this sense, we are
led to believe that the term structure has effects on illiquidity from both of its ends and on
the same direction. This means that if the shorter end falls, investors will shift for riskier
markets, such as the corporate bond market, as well as if the longer end rises, companies will
issue more debt and add more volume to the secondary market. Both cases are widening the
yield spread and are apparently tightening illiquidity.

Surprisingly, the CDS Index, our proxy for aggregate credit risk, did not show statistical
evidence of contribution to illiquidity. Moreover, the coefficient’s direction was unexpectedly
negative. Additionally, the volume traded slope also does not hold any statistical evidence of
impacting illiquidity. This reads as higher trading volume does not necessarily add liquidity to
the market, as volume traded might be translated to larger trades rather than more frequent
trades. These findings are similar to what it is suggested by Bao, Pan and Wang (2011).
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On our model we regress monthly γ changes on changes in the CDS Index, the VIX, the bond
market volatility and a set of control variables. As our data certainly has strong time-series
and cross-sectional correlations, we address this issue by running regressions with standard
errors corrected by Newey-West. T-statistics are reported in square brackets. Constant is
not reported as it is zero per implications of our equation design. The results are reported in
Table 5.

Table 5: Monthly Changes in the Aggregate γ on Market Variables

Newey-West statistics, Lags(0) = vce(Robust), 32 monthly observations. The CDS is expressed in basis points, VIX
and Bond Volatility are expressed in percentage points. Economic Sentiment is captured by the University of
Michigan Current Economic Conditions Index and is included as per apparent close relation with corporate issuance
as shown in Figure 1.

∆Bond Volatility
.154***
[2.65]

.152**
[2.50]

.202***
[3.52]

.203***
[3.48]

∆VIX
.017*
[1.77]

.020**
[2.15]

.024**
[2.63]

∆CDS
-.007
[-1.43]

-.01*
[-1.95]

-.012*
[-1.85]

∆Term Spread
-.573**
[-2.60]

-.572*
[-1.76]

∆ln(Treasury Issuance
$Bn)

.044
[0.34]

∆ln(Corporates Volume
Traded $Bn)

.243
[0.58]

∆Economic Sentiment
-.011
[-0.92]

∆Effective Fed Funds
Rate

-.488
[-0.30]

R2 .2344 .3059 .4321 .4581
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We now examine the aggregate market level illiquidity component contributions to the
aggregate investment grade corporate bond spreads. At this level, we find factors that are
far more important to the variation in aggregate corporate yield spreads than illiquidity, as
results in Table 6 show.

When regressed with the CDS and VIX alone, the illiquidity coefficient has no statistical
significance, although it already presents a curious negative slope. The coefficient only becomes
significant when all control variables are included, although it’s t-statistic of -2.13 is not as
strong. The coefficient of -.33, however, has a surprising direction. The negative slope reads
as increasing illiquidity tightens spreads, which, at first, sounds completely contradictory.

Although such negative correlation between expected returns and illiquidity has been found
previously in literature, e.g. Chordia, Subrahmanyam and Anshuman (2001), we believe that
the possible explanation for this result can be rather found on our model design and illiquidity
computation.

The corporate bond market has experienced a surprisingly increase in activity recently and
it has been hitting record-breaking volumes year after year. In addition, liquidity in this
market has seemed to be improving over the recent years7. Thus, this new environment
experienced by the corporate debt market has been certainly bringing some impact on overall
liquidity. Our sample, however, only captures the illiquidity impact, in a sense, for a mostly
top traded-comprised set of bonds — which have always experienced a higher liquidity and,
in contrast, it is reasonable to believe that a lot of this improved volume has been going to
less haven-like bonds, more attractive in terms of yields.

Furthermore, our spread is priced on this broader market, capturing also these more attractive
bonds not considered in our sample to compute illiquidity. Thus, it is not wrong the assumption
that an increasing illiquidity for these top bonds used for our illiquidity calculation, can be
caused by a flood of investments in more attractive, return-wise, issues. This implies that an
increasing illiquidity for top bonds, would cause more liquidity for less haven-like bonds and,
thus, tightening our measure for market spreads as activity for the broader market expands.

More important to the aggregate market spread are the CDS Index and the VIX. The CDS
Index, which represents a proxy for aggregate credit risk, is the main responsible for variations
of aggregate corporate spreads, as expected. Interpretation is easy and straight forward, an

7FINRA Office of the Chief Economist has released a research, see References section, providing the public
with evidences and concluding that the broader corporate debt market liquidity has been improving significantly
over the past years, as also suggest by our computations previously in this paper.
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increase to the aggregate credit risk widens the corporate spread as investors demand higher
returns to compensate the risk. A 100 basis points increase to the CDS Index average pushes
the aggregate corporate spread as much as 103.4 basis points above its average. The CDS
is also responsible for explaining nearly 66% of the spreads variation. The coefficient also
presents a very robust t-statistic of 8.09. When controlling by other factors, the same 100
basis points increase to the average of the CDS Index adds 76.8 basis points to the average of
the corporate yield spreads.

The VIX is the second most important factor in our model. When regressed with the CDS
alone, a single percentage point increase to the VIX adds 2.34 basis points to the corporate
spread. Controlling by other variables, the slope drops to 1.83, but it remains strong with a
t-statistics of 3.87.

Curiously the volatility of the corporate bond market itself does not influence the spreads,
while the equity market volatility does. The volume traded, economic sentiment and the
treasury issuance also do not impact the aggregate spreads. However, adding these control
variables drops significantly both the CDS and the VIX t-statistics and coefficient.

Our model consists in regressing monthly cross-sectional deviations from the time-series
average of the aggregate corporate yield spread on this same deviation of the: CDS, VIX,
bond market volatility, term spread, treasury issuance volume, γ, aggregate investment grade
bonds volume traded, economic sentiment, and Fed funds rate. Our equation is therefore as
follows:

Spreadt = CDSt+V IXt+BndV olt+Termt+USTt+γt+IGTradedt+ESt+FedFundst+ut,

where for each variable xt = Xt − X̄

Again, our sample certainly offers high time-series and cross-sectional correlation, which is
corrected by using Newey-West. T-statistics are reported in square brackets. Constant not
included as it is zero per our model design. Results are reported in Table 6.
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Table 6: Aggregate Corporate Yield Spreads on Aggregate γ and Other Variables

Newey-West statistics, Lags(0) = vce(Robust), 33 monthly observations. The CDS is expressed in basis points, VIX
and Bond Volatility are expressed in percentage points. Economic Sentiment is captured by the University of
Michigan Current Economic Conditions Index and is included as per apparent close relation with corporate issuance
as shown in Figure 1.

CDS
1.03***
[8.09]

.917***
[8.93]

.844***
[6.89]

.768***
[4.21]

VIX
2.34***
[5.52]

2.53***
[6.56]

1.83***
[3.87]

γ
-.211
[-1.48]

-.329**
[-2.10]

Bond Volatility
4.26
[1.58]

Term Spread
-.47***
[-3.20]

ln(Treasury Issuance
$Bn)

.072
[0.75]

ln(Corporates Volume
Traded $Bn)

.336
[1.50]

Economic Sentiment
-.002
[-0.28]

Effective Fed Funds
Rate

-1.55***
[-2.91]

R2 .6565 .7548 .7721 .9045

5 Conclusion

After defining and computing an illiquidity measure that has large economic implication to
individual corporate bonds spreads, evidence suggests that illiquidity remains one of the main
factors for pricing corporate spreads second only to the credit risk, represented by the issuer’s
CDS, even while this debt market has been experiencing unprecedented volumes. We find
that a 100 basis point increase to an issuer’s CDS is responsible for adding 73 basis points
to the corporate spread. In addition, a one sigma decrease to a security’s liquidity increases
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spreads by 26 basis points.

Our findings suggest that when the broader market liquidity improves, the illiquidity at
the individual bond level becomes more important in explaining the corporate yield spreads
variation. Furthermore, illiquidity also becomes more important in explaining yield spreads
variations for a group of lower-rated investment grade bonds when compared to a second
group formed by those rated A- or higher by S&P. Whereas the γ slope was not statistically
significant for top-rated bonds, the contribution to yield spreads on the remaining set of bonds
was large. A one sigma increase in illiquidity at this set of lower-rated bonds widens the yield
spread by 33.48 basis points, on average.

We analyze what are the bond’s characteristics that can influence its liquidity. Results show
that illiquidity can be widely explained by a security’s longevity as an issue’s time to mature
is responsible for explaining nearly 40% of its liquidity’s variation. Our findings suggest that 1
additional year on a bond’s maturity sees its liquidity drying by 16%, on average. In addition,
we have found that some of the market’s fundamentals, such as the issuer’s CDS and equity
volatility as well as a bond’s percentage of trading days, contribute more to illiquidity than
other intrinsic bonds characteristics, such as issuance size and coupon.

At the aggregate market level, we find that volatility in both bonds and equities markets is
the main force driving liquidity away from the corporate debt activity, as investors shift from
riskier positions to haven-like assets when stress levels in financial markets increase. The
bond volatility, however, is by far the main contributor to variations in the aggregate level
illiquidity, being the strongest coefficient on our model. Evidence suggests that a percentage
point increase in the bond market volatility adds .2 to our aggregate illiquidity measure,
which is circa around 27% of our full sampled period average. The robustness as well as the
coefficient itself only improve when we control the results by other variables. Looking at the
equity market measure, we conclude that a 1 percentage point increase in volatility adds .024
(or 3% of the full sampled period mean) to the aggregate illiquidity. It is important to note
that the term spread also presented a negative influence on the aggregate illiquidity, although
the coefficient loses its statistical significance in the addition of other variables.

When analyzing its contribution to aggregate corporate yield spreads, we find a rather curious
negative slope for the aggregate illiquidity. Yet, instead of market implications we believe that
the reason for this sign lies within our model design and relation between aggregate indexes
used. At this level, we find that the aggregate credit risk and the VIX are far more important
in explaining the corporate yield spread. A 100 basis points increase to the average of the
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aggregate credit risk adds 76.8 basis points to the average of the aggregate corporate yield
spread.

Hence, we find robust evidences of the illiquidity’s contribution to the corporate yield spread
at the individual bond level for very liquid bonds during this record-breaking volume seen
by this debt market. We have reasons to believe that this contribution might be even more
substantial when dealing with the average issue on this market. In this sense, practitioners
should address this factor when trading. We also encourage for future researchers to compare
how portfolio managers can benefit, if at all, from this friction by comparing returns from a
buy and hold portfolio to a highly active portfolio strategy (which pays for liquidity), as well
as comparing illiquidity effects by using different databases and/or metrics or even assessing
how the recent volume seen by this market can impact overall economic stability8.

8The Office of Financial Research has stated the non-financial corporate debt as one of the key threats to finan-
cial stability on a report released in December 2016. Such debt to GDP ratio has surpassed 2007 levels and con-
tinues to grow rapidly, the report said. The report can be found at https://www.financialresearch.gov/financial-
stability-reports/files/OFR2016Financial-Stability-Report.pdf
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Appendix

Appendix A: Derivation of Equation (2)

pt = ft + ut

As ut follows an AR(1) process:

ut = ρut−1 + εt, V ar(εt) = σ2
ε

∆pt = pt − pt−1

γ = −cov(∆pt,∆pt+1)

∆pt = ft + ut − ft−1 − ut−1 = (ft − ft−1) + ut − ut−1

⇒ ∆pt = (ft − ft−1) + (ρ− 1)ut−1 + εt

∆pt+1 = ft+1 + ut+1 − ft − ut = (ft+1 − ft) + ut+1 − ut

⇒ ∆pt+1 = (ft+1 − ft) + (ρ− 1)ut + εt+1

⇒ ∆pt+1 = (ft+1 − ft) + (ρ− 1)ρut−1 + (ρ− 1)εt + εt+1

cov(∆pt,∆pt+1) = cov((ft − ft−1) + (ρ− 1)ut−1 + εt, (ft+1 − ft) + (ρ− 1)ρut−1 + (ρ− 1)εt + εt+1)
(4)

= cov((ρ− 1)ut−1 + εt, (ρ− 1)ρut−1 + (ρ− 1)εt + εt+1) (5)

= (ρ− 1)2ρσ2
u + (ρ− 1)σ2

ε (6)

The variance of ut as an AR(1) process is given by σ2
u = σ2

ε

1− ρ2 . Hence,
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cov(∆pt,∆pt+1) = (ρ− 1)2ρ
σ2

ε

1− ρ2 + (ρ− 1)σ2
ε (7)

= (ρ− 1)
[(ρ− 1)ρ

1− ρ2 + 1
]
σ2

ε (8)

= (ρ− 1)
[
ρ2 − ρ+ 1− ρ2

1− ρ2

]
σ2

ε (9)

= (ρ− 1) 1− ρ
1− ρ2σ

2
ε = −(1− ρ)2

1− ρ2 σ2
ε (10)

= −(1− ρ)(1− ρ)
(1− ρ)(1 + ρ)σ

2
ε (11)

= −1− ρ
1 + ρ

σ2
ε (12)

As γ = −cov(∆pt,∆pt+1), we have:

γ = 1− ρ
1 + ρ

σ2
ε , (13)

Q.E.D.
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Appendix B: Bond Level Yield Spreads on γ, per Rating

This table reports the replication of our model in two sub-sets of bonds differentiating by
rating.

Table 7: Bond Level Yield Spreads on γ and Other Bond Characteristics, per Rating

Fama-Macbeth estimation, number of observations varies within each group. CDS is expressed in basis points, Equity
and Bond Volatilities and Spreads are expressed in percentage points. Age and Time to Mature are calculated in years.

S&P ≥ A− S&P Others

CDS
.512***
[16.28]

.505***
[19.07]

.518***
[20.14]

.79***
[31.22]

.66***
[30.09]

.641***
[27.12]

ln(Gamma)
.115***
[11.95]

.018*
[1.72]

.181***
[18.54]

.111***
[9.73]

Equity Volatility
.507***
[6.37]

.443**
[2.08]

Age
.031***
[14.20]

.045***
[26.03]

Time To Mature
.032***
[14.73]

.033***
[11.10]

Constant
.663***
[20.41]

1.05***
[17.29]

.268***
[3.48]

.83***
[15.60]

1.61***
[23.25]

.814***
[9.84]

R2 .1585 .2917 .4795 .2545 .3159 .3427
Observations 12,645 17,708
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Appendix C: Bond Level Yield Spreads on γ, per Year

This table reports the replication of our model in three sub-sets of bonds differentiating by
year.

Table 8: Bond Level Yield Spreads on γ and Other Bond Characteristics, per Year

Fama-Macbeth estimation, number of observations varies within each group. CDS is expressed in basis points, Equity
and Bond Volatilities and Spreads are expressed in percentage points. Age and Time to Mature are calculated in years.

2014 2015 2016

CDS
.886***
[14.62]

.824***
[13.42]

.823***
[16.66]

.809***
[38.81]

.734***
[26.99]

.706***
[22.22]

.828***
[25.82]

.749***
[23.71]

.632***
[25.19]

ln(Gamma)
.111***
[14.06]

.047***
[6.92]

.164***
[13.59]

.101***
[6.06]

.176***
[16.76]

.088***
[8.56]

Equity Volatility
.006
[.03]

.416
[1.54]

1.51***
[5.69]

Age
.049***
[19.87]

.044***
[13.80]

.046***
[21.39]

Time To Mature
.032***
[16.26]

.028***
[5.14]

.035***
[16.68]

Constant
.49***
[8.80]

.982***
[16.47]

.288***
[3.70]

.812***
[14.72]

1.44***
[12.27]

.784***
[5.78]

.709***
[11.27]

1.35***
[20.85]

.311***
[7.89]

R2 .175 .2317 .2908 .2075 .2371 .2596 .4873 .5735 .6387
Observations 7,142 11,649 11,382
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