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Since the financial crisis of 2008–2009, there has been a major 
regulatory effort to reduce systemic risk without enough 
research into cause and effect. We begin this issue of The 
Journal of Fixed Income with an article by Sheen Liu, Chunchi 

Wu, Chung-Ying Yeh, and Woongsun Yoo that finds macroeconomic 
variables (economic betas, income growth and volatility, leverage, and 
fiscal performance) rather than financial market variables (capital f lows, 
funding constraints, liquidity shocks, and investor behavior) have more 
explanatory power for changes in state credit risk spreads and their sys-
temic risk component. Then, Antonio Díaz and Ana Escribano examine 
the liquidity dimensions of corporate bonds related to ratings categories. 
Interestingly, their results do not show the simple progressive behavior 
that would be expected from liquidity by credit ratings. 

There is an enormous amount of attention given to Federal Open 
Market Committee meetings and some evidence exists of an abnormal 
return drift prior to these meetings. In the next article, Arik Ben Dor 
and Carlo Rosa examine a more recent time period and find a weakened 
effect after 2011 and that it is limited to equity markets. US Treasury 
securities, currencies, precious metals, and commodities do not exhibit 
a pre-announcement effect. Then, John Burke and Andreas Christofi 
discover that Fed funds futures are better predictors of Fed funds rates 
than Fed policy makers.

At the end of the day, a price must be attributed to every bond in 
a portfolio even though there may not have been a trade for some time. 
Fair value pricing is a methodology to deal with this form of illiquidity. 
In the next article, Bill McCoy examines the effects of market versus 
fair value pricing and illiquidity on corporate bonds and mortgage-
backed securities. Finally, Yusho Kagraoka develops a methodology 
to estimate credit default swap-adjusted risk-free rates and sovereign 
default intensities with applications to the German and US markets.

We hope you enjoy this issue of The Journal of Fixed Income. Your 
continued support of the journal is greatly appreciated.

Stanley J. Kon
Editor
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WHAT DRIVES SYSTEMIC STATE 
CREDIT RISK? Evidence from the State 
Credit Default Swap (CDS) Market 5
Sheen Liu, Chunchi Wu, Chung-Ying Yeh, 
and Woongsun Yoo

In this article, using state credit default swap data, the 
authors examine the role of common macroeconomic 
factors in driving systemic sovereign credit risk. Using 
a structural model with jump risk, the authors dem-
onstrate that co-movement in state economic fun-
damentals is an important channel of systemic credit 
risk. Empirical evidence shows that changes in mac-
roeconomic fundamentals explain more variations in 
state credit spread and its systemic component than 
do financial market variables. This evidence points to 
macroeconomic linkages, not financial linkages, as the 
leading source of systemic state credit risk and suggests 
that this risk is driven mainly by weakness in economic 
fundamentals.

CREDIT RATING AND LIQUIDITY 
IN THE US CORPORATE 
BOND MARKET 46
Antonio Díaz and Ana Escribano

This article examines the relationship, commonly 
assumed by the literature, between credit rating and 
liquidity. Analyzing sixteen proxies of (il)liquidity 
encompassed in f ive dimensions of liquidity from 
transaction data, the authors observe that credit ratings 
can be grouped into four blocks based on their liquidity 
when working with bond-level data. The blocks are 
AAA/AA and A/BBB for investment-grade bonds, 
and BB/B and “CCC or lower” for speculative-grade 
bonds. However, when working with rating-level data, 
significant differences in liquidity appear between all 
rating categories. These liquidity differences are not 
homogeneous when a distinction is made between 
dimensions of liquidity.

THE PRE–FOMC ANNOUNCEMENT 
DRIFT: An Empirical Analysis 60
Arik Ben Dor and Carlo Rosa

Previous research documented large positive abnormal 
returns in US equity markets during a 24-hour window 
immediately preceding Federal Open Market Com-
mittee (FOMC) meetings between 1994 and 2011. 
This anomaly was called the “pre-FOMC announce-
ment drift.” This article examines whether this return 
pattern persisted beyond the original sample end date 
and whether it is observed in additional asset classes. The 
equity return during the pre-FOMC window declined 
from 0.5% on average per FOMC meeting to roughly 
0.1% in the out-of-sample period after 2011 and was 
no longer signif icant. Furthermore, the authors f ind 
no evidence of a pre-FOMC announcement effect in 
US nominal and real interest rates (US Treasuries and 
Treasury Inf lation-Protected Securities), currencies 
($/euro, $/British pound, $/Japanese yen, and $/Swiss 
franc), precious metals (gold and silver), and commodi-
ties (oil, heating oil, and natural gas). Results indicate 
that the pre-FOMC announcement drift was limited to 
equity markets and weakened significantly post-2011, 
consistent with market participants taking advantage of 
the anomaly or with a time-varying effect. However, 
the fact that the effect weakened postsample, but pre-
publication, rather than postpublication, may suggest 
this dynamic was sample specific.

THE RELATIVE EFFECTIVENESS 
OF THE FED FUNDS FUTURES 
AND THE FEDERAL OPEN MARKET 
COMMITTEE (FOMC) DOT PLOTS 
IN PREDICTING THE FUTURE 
FEDERAL FUNDS RATE 73
John Burke and Andreas Christofi

This article contrasts the predictive ability of the Fed 
funds futures versus the Federal Open Market Commit-
tee’s (FOMC’s) projections, as expressed in their dot plots. 

JFI-TOC.indd   3JFI-TOC.indd   3 21/02/19   1:37 pm21/02/19   1:37 pm
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The results reveal that Fed funds futures are consistently 
better in predicting the prevailing Fed funds effective 
rate as compared with the standard aggregates (mean, 
median, and mode) of the dot plots of the Fed policy 
makers. This article’s distinctive contribution to the lit-
erature stems from the fact that it provides evidence that 
the dot plots contributed a great deal toward increasing 
Fed transparency and are helpful in forecasting the effec-
tive Federal funds rate by the markets. One implication 
of these results is that dot plots should be best interpreted 
in conjunction with the Fed funds rates implied in the 
Fed funds futures contracts.

MARKET PRICES VERSUS FAIR 
VALUE PRICING FOR FIXED 
INCOME: Why the Diff? 84
Bill McCoy

Market participants are unfailingly amazed that so much 
of US fixed income is illiquid. Given the sheer number 
of individual bonds, not every bond trades every day, yet 
many participants require a price each day for each bond. 
Consequently, fair value pricing services have arisen to 
supply a price. This article will show that market prices 
and fair value pricing are not directly interchangeable 
and can even have different statistical properties as a 
result of the illiquidity in the bond market. For the 
corporate market, this article will show how fair value 
pricing can be inferred from the likely market price. 
In the opposite direction, for the mortgage market, this 
article shows how the most liquid mortgages can inf lu-
ence the generic mortgages held in the benchmarks. To 
calibrate the appropriate model to the appropriate goal, 
it is important that quantitative analysts appreciate these 
relationships.

ARE THE RISK-FREE INTEREST 
RATES CORRELATED WITH SOVEREIGN 
DEFAULT INTENSITIES? 91
Yusho Kagraoka

This study proposes a new methodology to estimate 
credit default swap- (CDS-) adjusted risk-free interest 
rates and sovereign default intensities. Government bond 
yields in a local currency and CDS premiums in a for-
eign currency are used to estimate the CDS-adjusted 
risk-free interest rate, which is adjusted for the default 
risk of a government and is immune to its correlation 
with the sovereign default intensity. The method is based 
on the fact that risk-free interest rates and sovereign 
default intensities in the same currency are correlated, 
whereas the correlations between the risk-free interest 
rates in a foreign currency and the default intensities are 
close to zero except during worldwide financial turmoil 
such as the European sovereign debt crisis. The method-
ology is applied to the German and US markets and the 
CDS-adjusted risk-free interest rates in US dollars and 
euros, and the sovereign default intensities of Germany 
and the United States are successfully estimated.

JFI-TOC.indd   4JFI-TOC.indd   4 21/02/19   1:37 pm21/02/19   1:37 pm
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What Drives Systemic State 
Credit Risk? Evidence from 
the State Credit Default 
Swap (CDS) Market
SHEEN LIU, CHUNCHI WU, CHUNG-YING YEH, 
AND WOONGSUN YOO

The root cause of systemic risk 
is an issue of ongoing debate. 
A group of f inancial researchers 
has attempted to understand 

the source of systemic risk through the 
lens of systemic sovereign credit risk (see, 
e.g., Ang and Longstaff 2013; Chen 2013;
Augustin and Tédongap 2016; Glover and
Richards-Shubik 2016), where systemic
risk is usually referred to as a risk so wide-
spread that it threatens the stability of the
entire economic and f inancial system.
A fundamental question is whether the
source of systemic state credit risk is the
economic linkages between states or sover-
eigns that expose them to common macro-
economic shocks, or the financial linkages
that spread and amplify shocks originated
from one state to others. This question is
important from the perspective of eco-
nomic policy. For example, if systemic state
credit risk is caused mainly by weakness in
economic fundamentals, then grants (e.g.,
bailout) from the US federal government to
individual states or emergency loans from a
central agency of the Eurozone to its sov-
ereign members would not be an effective
means to resolve the systemic crisis.

Existing theories have suggested 
two possible channels of systemic risk. 

The fundamental theory argues that systemic 
crisis stems from common shocks to eco-
nomic fundamentals (see, e.g., Gorton 1988; 
Calomiris and Gorton 1991; Calomiris 
and Mason 2003; Taylor 2009; Taylor and 
Williams 2009; Reinhart and Rogoff 2008, 
2009, 2011a, 2011b; De Nicolò and Lucchetta 
2013). An alternative theory emphasizes the 
role of f inancial markets in transmitting 
and amplifying risk through capital f lows, 
funding constraints, liquidity shocks or 
investor behavior (see, e.g., Diamond and 
Dybvig 1983; Allen and Gale 2000; Kodres 
and Pritsker 2002; Kaminsky, Reinhart, 
and Vegh 2003; Allen, Babus, and Carletti 
2009; Brunnermeier and Pedersen 2009; 
Gennaioli, Shleifer, and Vishny 2012, 2015; 
Acemoglu, Ozdaglar, and Tahbaz-Salehi 
2015). According to this theory, sudden 
unusual random illiquidity shocks initially 
aff lict only a particular region, then spread 
to the larger economy through the financial 
channel, and finally trigger a systemic crisis.1

1 The wedge between these two views often 
boils down to the issue of whether insolvency or 
illiquidity is the root cause of systemic risk. There 
is little doubt that each problem plays a part; the 
major controversy is which one is the central cause 
of systemic risk.

JFI-Liu.indd   5JFI-Liu.indd   5 21/02/19   1:52 pm21/02/19   1:52 pm
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The literature, however, has not yet provided 
conclusive evidence for the source of systemic state 
credit risk. Using a multifactor affine model, Ang and 
Longstaff (2013) examine US and Eurozone systemic 
sovereign risks. They f ind a signif icant relationship 
between systemic sovereign risk and financial market 
variables. In addition, they find much less systemic sov-
ereign risk in the United States than in the Eurozone. 
This finding is surprising given that US states are more 
economically and politically integrated than are Euro-
zone countries. If systemic risk is driven primarily by 
common shocks to macroeconomic fundamentals, the 
systemic component of state credit risk should be larger 
for US states. As this was not the case, Ang and Longstaff 
(2013) argue that systemic sovereign risk has its roots in 
financial markets rather than in macroeconomic funda-
mentals. However, this argument is challenged by Chen 
(2013). Using a structural model of sovereign debts to 
connect the co-movement of GDP with the co-move-
ment of sovereign CDS spreads, Chen (2013) shows that 
shocks of macroeconomic fundamentals can generate 
higher systemic risk for US states than for Eurozone 
sovereigns. Moreover, using international data from 
38 countries, Augustin and Tédongap (2016) provide 
empirical evidence that economic factors such as US 
expected growth and consumption volatility are closely 
related to the strong co-movement in sovereign spreads. 
They suggest that time-varying risk premia in sovereign 
spreads are compensation for exposure to common US 
macroeconomic risk.

While Chen (2013) theoretically demonstrates the 
importance of macroeconomic linkages, like Ang and 
Longstaff (2013), no empirical evidence is provided on 
the role of macroeconomic linkages versus f inancial 
market linkages in inducing systemic risk. As a conse-
quence, there is a lack of concrete empirical evidence for 
the relative importance of macroeconomic and financial 
market linkages in driving systemic state risk. In this 
article, we attempt to fill this gap by examining these two 
important linkages using financial market and macro-
economic data.

The literature has long recognized that risk 
premia are linked to variations in macroeconomic con-
ditions. Fama and French (1989) show that risk premia 
of stocks and bonds are time varying and closely related 
to business conditions, and Campbell and Cochrane 
(1999) document that risk premia vary the US busi-
ness cycle. Reinhart and Rogoff (2011a) f ind that the 
number of countries in distress peaks around NBER 

recessions. These findings suggest that macroeconomic 
linkages are a potentially important channel of systemic 
credit risk.

To give a visual sense of the importance of 
economic fundamentals for determining state credit risk, 
we plot the aggregate state credit default swap (CDS) 
spreads against US industrial production in Exhibit 1. 
The CDS spreads are averaged across 16 states included 
in the data sample that we later use to conduct empirical 
tests. As shown, state CDS spreads are clearly countercy-
clical and closely (inversely) related to macroeconomic 
conditions. This evidence suggests that macroeconomic 
fundamentals contain important information for time-
varying state credit risk premia.

In this article, we assess the ability of macro-
economic variables to explain credit spreads of states 
and their systemic components using CDS data.2 To 
our knowledge, our article represents the first effort to 
explore the linkage between macroeconomic fundamen-
tals and systemic credit risk of US states using compre-
hensive economic data. By evaluating the explanatory 
power of macroeconomic and financial market variables 
in a coherent empirical framework, we provide several 
findings that expand the current literature.

First, we uncover strong evidence that macroeco-
nomic linkages are the leading source of systemic state 
credit risk. Macroeconomic variables have much more 
explanatory power for the temporal variation in state 
credit risk spreads as well as its systemic risk compo-
nent than do financial market variables. In a horserace 
regression, the explanatory power of macroeconomic 
variables remains intact when adding financial market 
variables to the regression, whereas the explanatory 
power of f inancial market variables is considerably 
weakened after controlling for macroeconomic effects. 
This f inding lends support to the hypothesis that mac-
roeconomic linkages are the dominating source of sys-
temic state credit risk.3

2 Most articles have relied on municipal bond yields to study 
default risk of states or the effect of credit events (e.g., Kidwell and 
Trzcinka 1982; Liu and Thakor 1984; Stock 1994; Wang, Wu, and 
Zhang 2008) that lack timely information because of infrequent 
trading and are opaque on issuers and trading (see Green, Li, and 
Schürhoff 2010).

3 This inference based on the coeff icients of regressions is 
consistent with the approach taken by Arghyrou and Kontonikas 
(2012) and Beirne and Fratzscher (2013). For example, in the 
Beirne–Fratzscher study, the coefficients of the financial and credit 
risk variables are used to represent the effect of financial contagion.

JFI-Liu.indd   6JFI-Liu.indd   6 21/02/19   1:52 pm21/02/19   1:52 pm
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Second, there is evidence that state f inancial 
conditions have a deep root in economic fundamentals. 
Variations in the systemic component of US state credit 
risk are attributable to common macroeconomic shocks. 
In addition, state economic fundamentals significantly 
contribute to the nonsystemic component of state credit 
risk. Together, these economic variables account for 
a considerable portion of temporal variations in state 
credit spreads.

Third, in the cross-sectional dimension, variations 
in the systemic component of state credit risk premia 
are closely related to the sensitivity of individual states’ 
economic performance to changes in the aggregate eco-
nomic environment and fiscal conditions of states. State 
economic betas, income growth and volatility, leverage, 

and fiscal performance explain substantial variations in 
the systemic component of credit risk premia across 
states. The exposure of a state’s economy to macro-
economic shocks fundamentally shapes its sensitivity 
to systemic risk. Accordant with the public concerns 
for massive government debts, we find that the vulner-
ability of a state to systemic risk increases significantly 
with its debt burden, and the growth and volatility of 
state income are important determinants of systemic risk 
exposure. These findings are in line with the recent evi-
dence that growth and volatility of the macroeconomy 
affect risk premia in the financial system (Bansal, Kiku, 
Shaliastovich, and Yaron 2014; Joslin, Priebsch, and 
Singleton 2014).

E X H I B I T  1
State CDS Spreads and US Industrial Production

Notes: This exhibit plots the time series of daily state CDS spreads and monthly US industrial production over the period from November 2007 to 
December 2012. The industrial production index is from the FRB, and the CDS data are from the Bloomberg System. The state CDS spreads are 
averaged across 16 states in the sample. The CDS spread is expressed in basis points.

JFI-Liu.indd   7JFI-Liu.indd   7 21/02/19   1:52 pm21/02/19   1:52 pm
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Finally, using co-movement in state credit spreads 
as an alternative measure of systemic risk, we find sim-
ilar results that suggest macroeconomic linkages as the 
principal source of state systemic credit risk. State credit 
spreads exhibit a strong pattern of covariations, which is 
closely linked to macroeconomic conditions.

Overall, our results consistently show that the root 
cause of systemic risk lies in macroeconomic shocks. 
State credit risk is predominantly due to weakness in 
economic fundamentals. This finding is consistent with 
the recent finding that macroeconomic variables con-
tain rich information for risk premia and asset prices 
(see Ang and Piazzesi 2003; Moench 2008; Ludvigson 
and Ng 2009; Cooper and Priestley 2009; Duffee 2011; 
Joslin, Priebsch, and Singleton 2014; Bansal, Kiku, 
Shaliastovich, and Yaron 2014; Dewachter, Iania, Lyrio; 
Sola Perea 2015, among others).

The use of CDS data to study sovereign credit risk 
is growing (see, e.g., Pan and Singleton 2008; Longstaff, 
Pan, Pedersen, and Singleton 2011; Ang and Longstaff 
2013; Aizenman, Hutchison, and Jinjarak 2013; Glover 
and Richards-Shubik 2016; Augustin and Tédongap 
2016, among others), but research based on US state 
CDS data is meager. Existing studies on systemic credit 
risk have focused on the national and international levels 
(see, e.g., Acharya, Engle, and Richardson 2012; Giglio, 
Kelly, and Pruitt 2016; Glover and Richards-Shubik 
2016; Donaldson and Micheler 2018; Löff ler and 
Raupach 2018). This issue is considerably underexplored 
at the state level. This article contributes to the current 
literature by exploring the channels of systemic state 
credit risk in the US economic system.

The rest of this article is organized as follows. 
A description of the data is presented next, followed 
by baseline regression results. The next section esti-
mates the components of state credit risk premia and 
their relationships with macroeconomic and financial 
market variables. Systemic risk is then analyzed using 
co-movement in state credit spreads as an alternative 
measure, and further evidence is compiled on the role of 
macroeconomic linkages versus financial market link-
ages. The final section summarizes our main findings 
and concludes the article.

DATA

Our sample consists of state CDS, macroeco-
nomic, and financial market data. We use CDS spreads 

to measure state credit risk premia and analyze their 
components. Economic variables at aggregate and state 
levels, and financial market variables are used to explain 
the components of state credit risk premia. In this sec-
tion, we brief ly describe the data. Detailed descriptions 
of variables, data sources, and summary statistics are 
provided in Appendix A.4

State CDS Data

Daily midmarket CDS spreads of the US Trea-
sury and states are collected from the Bloomberg system. 
Unlike corporate CDS, a state CDS contract accounts 
for only two credit events: failure-to-pay and restruc-
turing. The data include one-, two-, three-, f ive-, 
seven-, and 10-year CDS contracts. The sample contains 
16 states that have suff icient data for reliable empir-
ical tests: California, Connecticut, Delaware, Florida, 
Illinois, Maryland, Massachusetts, Michigan, Nevada, 
New Jersey, New York, North Carolina, Ohio, Rhode 
Island, Texas, and Wisconsin. The sample period runs 
from November 2007 to December 2012.5

Using CDS data to study credit risk has several 
advantages over bond yield data used in past studies (see, 
for example, Green, Li, and Schürhoff 2010; Dewachter, 
Iania, Lyrio, and Sola Perea 2015). First, unlike the 
municipal bond market, the CDS market is more liquid 
and provides more timely information for state credit 
risk. Second, the CDS offers protection against default 
of the reference entity and thus provides more accurate 
information for the credit risk premium. In contrast, 
bond yields are affected by factors other than default risk, 
such as interest rate risk, taxes, and bond provisions, and 
therefore, are a less precise measure of credit risk pre-
mium. Third, institutional investors are the dominant 
players in the CDS market and are better informed than 
retail investors (see Acharya and Johnson 2007). Price 
discovery facilitated by these traders renders the CDS 
market more suitable for investigating time-sensitive 
issues such as the impacts of economic and financial 
information on credit risk premia and their temporal 
covariations.

4 The list of variables represents a subset of the variables col-
lected initially. We exclude some variables based on preliminary 
correlation analysis. 

5 The sample period starts in late 2007 to maximize the 
number of states that have sufficient CDS data.

JFI-Liu.indd   8JFI-Liu.indd   8 21/02/19   1:52 pm21/02/19   1:52 pm
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Exhibit 2 reports summary statistics (in basis 
points) for state CDS spreads of f ive-year contracts, 
which are most actively traded. Average CDS spreads 
vary widely across states, ranging from a low of 59.89 
basis points for Delaware to a high of 205.07 basis points 
for California. Illinois is another state with high CDS 
spreads, averaging about 200 basis points. There are high 
cross-sectional variations in CDS spreads as ref lected in 
the standard deviation and quartiles of the spread series.

US Macroeconomic Variables

We assemble a broad list of macroeconomic variables 
to capture variations in economic and business condi-
tions. These include M1; the leading index; productivity; 
construction; consumer credit; CPI; three-month Trea-
sury bill rate; commodity price index; disposable income; 
unemployment rates; industrial production; deficit-to-
GDP ratio; national debt; municipal bond yield index 
(MBX); municipal bond default premium (municipal 
DEF); corporate bond default premium (corporate DEF); 
foreign exchange rates;, market liquidity index; policy 
uncertainty indexes of Baker, Bloom, and Davis (2015) 
(hereafter, BBD); and the partisan conf lict index of 
Azzimonti (2015).6 Default and term spreads are tradi-
tionally classified as macroeconomic variables in asset 
pricing (see, e.g., Fama and French 1989; Ludvigson and 
Ng 2009; Rapach, Strauss, and Zhou 2010; and the ref-
erences therein), and we follow that convention. Later, 
we examine the robustness of our results excluding these 
variables. The default spread is the difference between 
Moody’s Baa and Aaa bond yields. The indexes of BBD 
(2015) and Azzimonti (2015) measure the policy and 
political uncertainty at the national level. We use the 
Dow Jones-UBS Commodity Index to capture the price 
movement of a broad commodity basket and the daily 
index constructed by Hu, Pan, and Wang (2013) to mea-
sure marketwide illiquidity.

State Economic Variables

State credit risk is affected by the performance of 
state economies. We collect state economic variables, 

6 BBD indexes consist of economic policy uncertainty (EPU) 
indexes of (1) news-based policy uncertainty index, (2) tax expira-
tion index, (3) CPI forecast disagreement measure, and (4) federal/
state/local purchase disagreement measure. 

including state leading and coincidence indexes, def-
icit, GDP, unemployment rates, corruption, popula-
tion, debt, personal income, median housing price, 
and natural resources and mining employment. Similar 
variables have been used in the literature to study state-
level business cycles and asset return performance (see, 
e.g., Korniotis and Kumar 2013). We also construct all 
economic measures in Liu and Thakor (1984), which 
include two important ratios. The state-level deficit-
to-GDP ratio is the state deficit divided by state GDP, 
which ref lects the fiscal condition of the state govern-
ment. The ratio of state debt to personal income is 
the net direct debt divided by state personal income, 
which measures state debt burden. In addition, state 
governance quality affects the eff iciency of resource 
utilization and f inancing, and we include this vari-
able in empirical analysis. To measure governance 
quality, we use the number of corruption convictions 
of state off icials per million population (see Butler, 
Fauver, and Mortal 2009). States that have rich natural 
resources such as oil and gas tend to be more self-
sufficient and less dependent on the national economy 
and thus could have lower systemic risk. We investigate 

E X H I B I T  2
Summary Statistics of State CDS Spreads

Notes: This exhibit reports descriptive statistics of the weekly five-year 
CDS spreads (bps) for each state in the sample. Reported are the mean, 
median, standard deviations, and the first (Q1) and third (Q3) quartiles. 
The sample period is from November 28, 2007 to December 31, 2012.

State

California
Connecticut
Delaware
Florida
Illinois
Maryland
Massachusetts
Michigan
Nevada
New Jersey
New York
North Carolina
Ohio
Rhode Island
Texas
Wisconsin

Mean

205.07
107.16
59.89

116.74
187.07
80.36

110.05
167.57
149.35
152.91
138.15
96.67

123.54
129.26
76.98

102.21

Std. Dev.

81.91
24.78
12.81
46.88
83.82
40.26
48.93
79.90
63.11
69.16
72.18
37.44
42.40
22.11
35.47
18.79

Q1

163.19
85.13
52.80
88.87

155.12
56.40
83.00

120.90
112.00
122.46
85.10
75.10

100.63
114.10
59.70
88.03

Median

202.27
108.90
58.61

111.40
204.55
82.00

116.93
149.20
138.90
150.00
128.29
86.00

126.36
131.80
76.77
99.00

Q3

269.48
121.40
67.02

142.47
239.90
111.50
135.00
221.28
189.10
200.39
197.60
135.80
144.73
145.30
87.21

117.35
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this possibility using the data of natural resources and 
mining employment in each state.

Financial Market Variables

Following Ang and Longstaff (2013), we chose 
seven financial market variables: the S&P 500 index 
return, the five-year constant maturity swap rate, VIX, 
the North American investment grade index of CDS 
spreads (CDX), CDS contracts for Japan and China 
(CDS JPN and CDS CHN), and the emerging market 
index of sovereign CDS spreads (CDX EM). The last 
three indexes are used as control variables for the inter-
national effect. The data for CDSs are from the Bloom-
berg system and Markit. Swap rates are from FRB, S&P 
500 index returns are from CRSP, and VIX is from 
CBOE.

Panels A1 and A2 of Exhibit 3 report correlations 
between financial market variables at weekly and monthly 
intervals, respectively. Correlations are relatively high for 
VIX, CDX spreads, and sovereign CDS spreads. Panel B 
of Exhibit 3 shows correlations between the state eco-
nomic variables (monthly), which are generally moderate. 
Panel C shows correlations between macroeconomic 
variables (monthly). Variables of production and income 
tend to be positively correlated. The deficit/GDP ratio is 
negatively correlated with industry production and per-
sonal income. Interest rates are negatively correlated with 
unemployment rates and positively correlated with per-
sonal income. Changes in the corporate default premium 
and the leading index are negatively correlated, suggesting 
that the default risk premium is countercyclical.

CDS SPREAD REGRESSIONS

A number of studies have suggested that the weak-
nesses in the economic system is the likely cause for the 
subprime crisis (see, e.g., Reinhart and Rogoff 2009, 
2011a; Thakor 2015; Glover and Richards-Shubik 
2016). In light of that literature, we investigate the role 
of macroeconomic factors in systemic state credit risk. 
To obtain a glimpse of the roles of macroeconomic and 
financial variables in state CDS spreads, we first run the 
following regression:

 y z uit t iu tΔ =y μ + ωΔ +  (1)

where Δyit is the differenced CDS spread for state i, Δzt 
is a vector of explanatory variables (differenced) that 

include macroeconomic fundamental and/or financial 
market variables, and uit is the disturbance term at time t. 
We can use macroeconomic and financial market vari-
ables separately as regressors, or run a horserace regres-
sion by including both sets of variables to assess which 
has more power.

Exhibit 4 presents the results of panel regressions 
on monthly changes of variables.7 We use stepwise 
regressions to determine macroeconomic variables to be 
included in the regression by maximizing the explana-
tory power, and account for state fixed effects and serial 
and cross-state correlations. Column 1 of Panel A shows 
that macroeconomic variables have high explanatory 
power (R2 = 40%) for CDS spreads, with most vari-
ables significant at the conventional level. Consistent 
with intuition, higher productivity and better economic 
performance result in lower state CDS spreads, whereas 
higher debt burden, municipal bond yields (index), and 
default spreads lead to higher state CDS spreads. Four 
of the BBD indexes and the partisan conf lict index of 
Azzimonti (2015) enter into the stepwise regression with 
significant t values.8 Panel B reports the results of regres-
sion against financial market variables.9 Consistent with 
the finding of Ang and Longstaff (2013), all variables 
have coefficients significant at the 1% level.

An interesting f inding is that macroeconomic 
variables have higher explanatory power for state CDS 
spreads than do financial market variables. The adjusted 
R2 value of the former regression is 0.39, which is 56% 
higher than that for the regression on financial market 
variables.10

7 Monthly intervals are used as most economic variables are 
reported at this frequency. 

8 The sign of some coefficients for these indexes is affected 
by collinearity.

9 These are the same domestic financial market variables used 
by Ang and Longstaff (2013). The negative sign of the VIX coef-
ficient is in line with the finding of Ang and Longstaff (2013), which 
is attributed to the f light-to-quality effect that when the global 
f inancial market becomes uncertain, the f light to the US bond 
markets makes it easier for states to finance their operations. The 
negative sign of the CDX coefficient is likely due to the collinearity 
problem (correlation with VIX).

10 The negative sign of the noise coefficient is likely due to 
correlation with the leading index and corporate default spreads. We 
also tried other marketwide liquidity variables, such as the Amihud 
and Pástor-Stambaugh liquidity indexes for the municipal bond 
market, but none of them is signif icant. These liquidity indexes 
were constructed from municipal bond transaction data using the 
methods in Amihud (2002) and Pástor and Stambaugh (2003).
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The set of macroeconomic variables in our 
regression analysis includes bond yields and term and 
default spreads that are not “pure” economic variables. 
These variables are traditionally treated as macroeco-
nomic variables because they are closely related to 
the business cycle (see, e.g., Fama and French 1989; 
Ludvigson and Ng 2009). As these macro “f inan-
cial” variables have strong co-movement with real 
economic variables and are among the most impor-
tant sources of variations in business and economic 
conditions, they have usually been classif ied as mac-
roeconomic variables. In fact, these variables are 
highly correlated with macroeconomic activity but 
not highly correlated with financial market indicators. 
Therefore, we have included them as macroeconomic 
variables similar to Ludvigson and Ng (2009). These 
macro “financial” variables could proxy for the effects 
of f inancial market activity. To address this potential 
concern, we orthogonalize these variables by taking 
the residuals from the regression of these variables 
against f inancial market variables and then use these 
orthogonal variables in the regression. As shown in 
Column 2 of Panel A, our results are robust to this 
specif ication.

Panel C reports the results using state economic 
variables as regressors. Results suggest the existence 
of a “nonsystemic” component of the credit risk pre-
mium, which is associated with state variables. A better 
economy for an individual state lowers the CDS spread, 
while a high state unemployment rate and ratio of state 
debt to personal income raise it.

Panel D of Exhibit 4 shows results of horserace 
regressions that include macroeconomic, state economic, 
and financial market variables. Results show that key 
economic variables continue to be significant even after 
financial market variables are incorporated, suggesting 
that these variables contain important information for 
state credit risk over and beyond that conveyed by finan-
cial market variables.

To assess the contributions that macroeconomic 
and f inancial market variables provide to state CDS 
spreads, we use the decomposition method suggested by 
Beber, Brandt, and Kavajecz (2009). We first construct 
the contribution of each variable by taking the average 
differential of each variable across time and multiplying 
it by the coefficient estimate from Panel D. Then the 
proportion of contribution by each set of variables is 

calculated by dividing the sum of the absolute value of 
the contributions of a set of variables (macroeconomic 
or financial market variables) by the sum of the abso-
lute value of the contributions of both sets of variables. 
Specifically, denoting the vector of differenced macro-
economic variables by z1 and that of differenced finan-
cial market variables by z2, we have

 ˆ ( )1 1( 1Macro contributio (1(n = ω  (2)

 ˆ ( )2 2( 2Financial contribution (2(= ω  (3)

 
| ˆ ( )|

| ˆ ( )| | ˆ ( )|
1 1( 1

1 1( 1 2)| | 2 2

Macro proportion = ω (1(
ω (1( ω||

 (4)

 
| ˆ ( )|

| ˆ ( )| | ˆ ( )|
2 2( 2

1 1( 1 2)| | 2 2

Financial proportion = ω (2(
ω (1( ω||

 (5)

where ˆ
1ω  is the vector of coefficients associated with 

macroeconomic variables and ˆ 2ω  is the vector of coef-
f icients associated with f inancial market variables. 
The proportion figures measure the relative impact of 
each set of variables on the variation in the state CDS 
spreads.

The bottom of Panel D reports the proportions of 
contribution by macroeconomic and financial market 
variables. Column 1 shows that the proportions of con-
tribution by macro and state economic variables are 91% 
and 2%, respectively, while financial market variables 
make up only 7% of the CDS spread. Results indicate 
that a considerable portion of the changes in the state 
CDS spread is attributed to macroeconomic shocks. 
The results are similar when we use orthogonal macro 
“financial” variables (see Column 2). Excluding state 
economic variables from the regression does not affect 
our inference either (see Columns 3 and 4). Results sug-
gest that macroeconomic variables have higher explana-
tory power for CDS spread variations.

Control for International Effects

The results are robust to controlling for the effect 
of international factors. Following Ang and Longstaff 
(2013), we use the CDS indexes for Japan, China, and the 
emerging markets as control variables for international 
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E X H I B I T  4
Monthly Regressions of State CDS Spreads

(continued)
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E X H I B I T  4  (continued)
Monthly Regressions of State CDS Spreads

(continued)
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effects.11 Exhibit 5 reports the results of panel regres-
sions with these controls. For brevity, we report only 
the results including orthogonal macro “financial” vari-
ables as the results based on raw variables are similar. 
Adding international CDS market variables improves 
the goodness of fit. Panels A and B again show that mac-
roeconomic variables have higher explanatory power 
than financial market variables, while Panel C shows 
that state economic variables have additional explana-
tory power.

Panel D reports the results of horserace regressions. 
The bottom of this panel (Column 2) reports the pro-
portions of contribution by macroeconomic, financial 
market, and international variables. Macroeconomic 
variables (including state economic variables) explain 
95% of CDS spread variations, whereas financial market 

11 We use the same variables to control the international 
effects for both regressions with macroeconomic and f inancial 
market variables. An alternative way is to use macroeconomic 
variables for foreign countries to capture the international effects. 
However, for comparative purposes, we follow the approach of Ang 
and Longstaff (2013).

variables explain only 5%. When excluding state eco-
nomic variables from the regression (see Columns 3 
and 4), we find similar results. The proportion of mac-
roeconomic contribution to variations in state CDS 
spreads is 96%, whereas it is only about 4% for financial 
market variables. Clearly, the overwhelming majority 
of state CDS spreads are subject to common shocks of 
macroeconomic fundamentals.

Macroeconomic Factors 

as Explanatory Variables

Macroeconomic variables are correlated, and one 
way to resolve this collinearity problem is to extract inde-
pendent factors from the observed economic variables 
and use them as explanatory variables (see Ludvigson 
and Ng 2009). Panel A of Exhibit 6 shows the load-
ings of factors generated from the principal component 
analysis (PCA). The first five factors explain 79%, and 
10 factors in all account for 94% of the variation in 
macroeconomic variables. The first principal component 

E X H I B I T  4  (continued)
Monthly Regressions of State CDS Spreads

Notes: This exhibit reports the results of panel regressions of monthly changes in state CDS spreads on US macroeconomic variables (Panel A), financial 
market variables (Panel B), state macroeconomic variables (Panel C), and combined macroeconomic and financial variables with and without state macro-
economic variables (Panel D). All explanatory variables are monthly changes. Each regression has the form of Δyit = μ + ωΔzt + uit, where Δyit is monthly 
changes in state CDS spreads, and Δzt is a vector of monthly changes in explanatory variables in month t, which can be macroeconomic or financial market 
variables, or both. In column 2 of Panel A and columns 2 and 4 of Panel D, we use orthogonal macro “financial” variables as regressors. Columns 3 and 4 
of Panel D show regressions without state economic variables. The bottom of Panel D reports the contribution of each set of variables to the change in state 
credit spreads. The t-statistics are in parentheses. ∗, ∗∗, ∗∗∗ indicate significance at the 10%, 5%, and 1% levels, respectively.
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(or factor) loads on M1, productivity, leading index, con-
struction, disposable income, CPI, industrial produc-
tion, MBX, and noise (liquidity). This factor captures 
general economic activity similar to the “real factor” in 
Ludvigson and Ng (2009). The second and third prin-
cipal components are associated with Treasury bill rates, 
the commodity price index, unemployment rates, and 
municipal credit spreads. These components contain 
the information of inf lation and risk premium, which 
encompasses the “inf lation factor” in Ludvigson and Ng 
(2009). The fourth component catches the co-movement 
in state economic variables, while the remaining compo-
nents decline sharply in importance and the clustering of 
these components to observed variables becomes spotty.

To strike a balance, we use seven factors to explain 
state credit spreads. Using too few factors could result 
in failing to capture full variations in macroeconomic 
variables, whereas too many factors may result in overfit-
ting. Column 1 of Panel B shows that four of the seven 
factors are significant at least at the 5% level. The adjusted 
R2 is 0.40. When adding financial market variables (see 
Column 2), the adjusted R2 improves to 0.46. Most mac-
roeconomic factors remain significant at the 1% level, 
again suggesting that macroeconomic variables contain 
important information. Column 3 reports the results of 
macroeconomic factors by adding international variables 
as controls. The adjusted R2 increases to 0.47 after inter-
national variables are included. The last column further 
adds the financial market variables, which improves the 
adjusted R2 by another 5%. Results again indicate that the 
contribution by financial market variables to the explana-
tory power of the model is modest.12 Excluding state eco-
nomic variables from the construction of economic factors 
has little impact on our inference (see Panels C and D).13 
Results show that our findings are robust to collinearity 
in macroeconomic variables.14 Collectively, regression 
analysis suggests that macroeconomic fundamentals have 
greater inf luence on state credit risk premia.

12 We also run regressions with 10 economic factors. Unre-
ported results show that the contribution by macroeconomic vari-
ables and adjusted R2 is even higher.

13 We use only five factors here as they have already captured 
large variations in macro variables. Thus, the results here are quite 
conservative and can be viewed as a low bound for macroeconomic 
contribution.

14 Factors appear to contain more information as they are 
extracted from all economic variables.

SYSTEMIC AND NONSYSTEMIC 

COMPONENTS OF STATE CREDIT RISK

An important issue is how large the systemic risk 
of US states is, and what is the source of this risk. To 
address this issue, we next estimate the components of 
state credit risk premia by two methods. In the f irst 
method, we use a reduced-form model for the CDS 
pricing to decompose the risk-neutral credit risk into 
systemic and nonsystemic (state-specific) components. 
For comparative purposes, we use a pricing model 
similar to that of Ang and Longstaff (2013). In the second 
method, we estimate the systemic component of credit 
risk from the loading of individual state CDS spread 
regression on the benchmark, that is, the US Treasury 
CDS spread, without imposing a priori restrictions on 
the process of default intensities.

The Reduced-Form Approach for Estimating 

Credit Risk Components

Following Ang and Longstaff (2013), we postu-
late that idiosyncratic default intensity ξit at time t for 
state i, and systemic default intensity λt obey the mean-
reverting square root processes:

 d a dt dZit it it itξ =it − ξb + ξc ξ( )a it− ξb   ,dZ itξ  (6)

 ) ,d d( ) t dZt t(( tt   λ =t βλ σ λ λ  (7)

where a, b, c and Zξit are state specific (idiosyncratic) and 
α, β, σ, and Zλt are common for all states. The Brownian 
motions Zξit and Zλt are uncorrelated, and the riskless 
rate is assumed to be independent of the intensity pro-
cesses. The systemic shock causes state i to default with 
a probability γi the first time, (1 − γi) γi the second time, 
(1 − γi)

2 γi the third time, and so forth. This formulation 
of chain effect draws on Duffie and Singleton (2003). 
Given this setting, the state CDS spread (y) can be 
written as

∫
∫

( )∫
( )∫

=
⎡
⎣⎣⎣

⎤
⎦⎥
⎤⎤
⎦⎦

∫⎡
⎣⎣⎣

⎤
⎦⎥
⎤⎤
⎦⎦

  ∫⎡
⎣⎢
⎡⎡
⎣⎣ ,

0 ( ∫

0 ( ∫∫
y

w   ∫∫∫∫ d) t

E ∫⎡
⎣⎢
⎡⎡
⎣⎣

dt
it

T

T ( ∫
  

  

(8)
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E X H I B I T  5
Monthly Regressions of State CDS Spreads with Controls for International Effects

(continued)
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E X H I B I T  5  (continued)
Monthly Regressions of State CDS Spreads with Controls for International Effects

(continued)
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where D E exp( )r dttrr
T

∫exp= E (⎡
⎣⎣⎣

⎤
⎦⎥
⎤⎤
⎦⎦

( )T ∫∫  denotes the value of 

a riskless zero-coupon bond with maturity T, and w 
represents the loss rate in the event of bond default. Ang 
and Longstaff (2013) provide the closed-form solution for 
the CDS pricing (see Appendix B). In this formulation, 
the short-term CDS spread is equal to γiλt + ξit where γi 
measures the exposure of state i to systemic default risk 
λt, and ξit is the state-specific default intensity.

We estimate the pricing model by the unscented 
Kalman filter (UKF) method using the term structure 
of one-, two-, three-, five-, seven, and 10-year CDS 
spreads for each state. This method generates more-
eff icient estimates for the parameters in a nonlinear 

function such as the CDS pricing formula. Details for 
the estimation procedure are described in Appendix C. 
The UKF estimation is robust to the distribution 
assumption.15 We show in the appendix that this method 
produces parameter estimates of higher precision and 
lower root mean squared errors than does the nonlinear 
least squares method. The systemic risk component (γiλt) 
varies across states, which depends on the exposure 
parameter γi. After estimating state credit risk premium 
components, we investigate macroeconomic and finan-
cial market channels for these components.

15 In contrast, nonlinear regression requires a restrictive 
assumption that residuals are normally distributed.

E X H I B I T  5  (continued)
Monthly Regressions of State CDS Spreads with Controls for International Effects

Notes: This exhibit reports the results of panel regressions of monthly changes in state CDS spreads on US macroeconomic variables (Panel A), financial 
variables (Panel B), state macroeconomic variables (Panel C), and macroeconomic variables with and without state macroeconomic variables or financial 
variables (Panel D). CDS spreads for Japan (CDS JPN), China (CDS CHN), and CDX indexes for emerging market (CDX EM) are included as 
additional control variables in each panel. All explanatory variables are monthly changes. Each regression has the form of Δyit = μ + ωΔzt + uit, where Δyit 
is monthly changes in state CDS spreads, and Δzt is a vector of monthly changes in explanatory variables in month t. The bottom of Panel D reports the 
contribution of each set of variables to the change in state credit spreads. The t-statistics are in parentheses. ∗, ∗∗, ∗∗∗ indicate significance at the 10%, 5%, 
and 1% levels, respectively.
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E X H I B I T  6
Analysis Using Economic Factors

(continued)
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E X H I B I T  6  (continued)
Analysis Using Economic Factors

(continued)
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Exhibit 7 reports parameter estimates using weekly 
CDS data.16 The parameters for individual states are all 
estimated with high precision, as indicated by low stan-
dard errors.17 Parameter estimates are highly significant, 

16 For comparison, we match the Ang–Longstaff study by 
ending the sample period on January 5, 2011, here.

17 Standard errors are much smaller than Ang and Longstaff 
(2013) estimates. For example, standard errors of c in the default 
intensity process of individual states are on average only about 5% 
of Ang and Longstaff ’s estimates and those of b are about 15% lower 

and root mean squared pricing errors (RMSEs) are small 
relative to the CDS spreads, indicating that the UKF 
fits the data extremely well. Panel B summarizes the 

than their estimates. Exhibit A3 shows that when the same data and 
sample period are used, the UKF outperforms the nonlinear least 
squares in efficiency, unbiasedness, and RMSE. The high preci-
sion of parameter estimates and good data fit are attributable to the 
greater adaptability of the UKF to nonlinearities in the state space 
than the extended filtering model commonly used in the literature 
(see, for example, Duffee 1999; Jarrow, Li, Liu, and Wu 2010).

E X H I B I T  6  (continued)
Analysis Using Economic Factors

Notes: The exhibit shows the results of principal component analysis using the data of monthly changes. Panel A reports factor loadings on each macroeco-
nomic variables, along with the cumulative explanatory power of the factors. Panel B reports results of panel regression (differenced) of state CDS spreads 
on macro factors. Explanatory variables in column (1) are factors estimated by the panel data of macroeconomic variables. Financial market variables are 
added in column (2). In column (3), CDS spreads for Japan (CDS JPN) and China (CDS CHN), and the CDX index for the emerging market (CDX 
EM) are included as controls for international effects. Column (4) consists of all variables in the state CDS spread regression. Panels C and D report results 
without state economic variables. The t-statistics are in parentheses. ∗, ∗∗, ∗∗∗ indicate significance at the 10%, 5%, and 1% levels, respectively.
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estimates of systemic and idiosyncratic (risk-neutral) 
default intensities. There are substantial variations in 
the idiosyncratic and systemic risk components of credit 
spreads across states.

A question of considerable interest is what deter-
mines the systemic credit risk (λt) of US states. To 
investigate the source of systemic risk, we run monthly 
regressions of systemic default intensities for the US 
states against macroeconomic and f inancial market 
variables. In addition, for a direct comparison with 
the weekly results in Ang and Longstaff (2013), we 
run weekly regressions in which economic variables 
are interpolated to fit weekly intervals. In each set of 
regressions, we f irst include only domestic variables 
and then add international variables to control for the 
global effect.

Exhibit 8 reports the results of systemic default 
intensity regressions. Macroeconomic variables are again 
selected using the stepwise regression, and standard 
errors are adjusted by the Newey–West (1987) method. 
For the weekly change regression (Panel A, Column 1), 
when used alone, financial market variables explain 19% 
(R2) of the variation in systemic default intensities. By 
contrast (Panel B, Column 1), macroeconomic variables 
alone explain 31% of the variation, which is 69% more. 
For the weekly regression with international variables, 
macroeconomic variables explain 54% of the variation 
of changes in systemic risk (Panel B, Column 2), while 
financial market variables explains 31% of the variation 
(Panel A, Column 2). The model with macroeconomic 
variables explains 76% more of the variation in systemic 
risk than do financial market variables when interna-
tional variables are included.

For monthly change regressions without interna-
tional variables, macroeconomic variables explain 65% 
of the variation in systemic risk (see Panel B, Column 3), 
while financial market variables explain 36% of the vari-
ation (see Panel A, Column 3). Macroeconomic variables 
explain about 79% more of the variation in systemic 
state credit risk than do financial market variables. For 
the model including international variables, macroeco-
nomic variables explain 73% of the variation in systemic 
risk (Panel B, Column 4), while financial market vari-
ables explain 57% of it (Panel A, Column 4). The results 
consistently show that macroeconomic variables explain 
more variations in systemic risk. The strong relationship 
between systemic risk and macroeconomic variables is 
consistent with the finding of Giglio, Kelly, and Pruitt 

(2016), using financial institution data from CRSP and 
COMPUSTAT, that systemic risk is closely linked to 
the business cycle.

Panel C of Exhibit 8 presents horserace regres-
sion results that combine different sets of variables. 
Column 1 shows the results of weekly change regres-
sions that include macroeconomic and financial market 
variables without controlling for the international effect. 
As shown, adding financial market variables increases 
the adjusted R2 by only about 6%. The bottom of the 
panel (Column 1) indicates the proportions of the con-
tribution by each set of variables, which are 0.79 and 
0.21 for macroeconomic and financial market variables, 
respectively. The proportion of the contribution by 
macroeconomic variables to systemic state credit risk is 
nearly four times that by financial market variables. In 
Column 2, we incorporate the international variables 
and find that the results are similar.

Columns 3 and 4 of Panel C report horserace 
results based on monthly changes. Without controlling 
for the international effect, the R2 value of the regres-
sion is 0.77. The proportions of contribution by macro-
economic and financial market variables to variations in 
systemic risk are 0.88 and 0.12, respectively. Including 
international variables increases the R2 value to 0.97, 
and the proportions of contribution by macroeconomic 
and financial market variables are 0.69 and 0.07, with 
the remaining portion credited to international vari-
ables. Macroeconomic fundamentals explain much 
more variation in the systemic credit risk than do 
domestic f inancial market variables, and this f inding 
is robust to controlling for the international effect. 
Overall, the results support the hypothesis that sys-
temic risk is driven predominantly by common shocks 
to economic fundamentals.

Estimating Systemic Risk 

by a Single Factor Model

An alternative approach for gauging the exposure 
of an individual state to systemic risk is to use a single 
factor model in which the common factor is the US 
CDS spread:

 0y yit i i00
CDS

USt itΔ =y β +00 β ΔCDS + ξ∗  (9)

where Δyit and ΔyUSt are changes in CDS spreads for 
state i and the United States at time t, respectively, 
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and i
CDSβ  captures the co-movement of individual state 

spreads with the system. In this formulation, yi
CDS

UStβ Δi
CDS  

is the systemic component and itξ∗ is the nonsystemic 
or idiosyncratic component of state credit spreads. 
Exhibit 9 reports the estimates of i

CDSβ  using weekly 
data during the entire sample period. As shown, i

CDSβ  

estimates exhibit substantial variations across states and 
are significant in most cases.

An important question is what determines i
CDSβ . 

This question is difficult to answer using the reduced-
form model. Instead, it can be addressed more satisfac-
torily by the structural model, which provides causal 

E X H I B I T  7
Maximum Likelihood Estimates of the Reduced-Form Model

Notes: Panel A of this exhibit reports the maximum likelihood estimates of parameters for the Ang–Longstaff (2013) model, using the term structure of 
CDS contracts for the US Treasury and 16 states. For the idiosyncratic default intensity process, parameters are a, b and c while for the systemic default 
intensity process, parameters are α, β and σ (the last row of Panel A under columns a, b and c). γ is the exposure to systemic risk. One-, two-, three-, 
five-, seven-and ten-year CDS contracts are used in estimation. We use weekly CDS spreads for the estimation. The CDS pricing model contains two 
default intensity processes:

d dt dZt t t tλ =t βλ σ λ λ)t ,dZ tdZλ

and

d a dt dZit it it itξ =it − ξb + ξc ξ( )a it− ξb   .dZ itξ

where λt and ξit are the systemic and state-specific default intensities for state i, respectively. The root mean squared pricing errors (RMSEs) for the five-year 
CDS spreads are measured in basis points. Panel B reports mean and standard deviation for systemic risk (λt), state-specific risk (ξit), and percentage of the 
systemic component (γi λt/(γi λt+ξit)) of state credit risk.

Panel A: Estimation

Parameter Standard Error

a b c γ a b c γ RMSE (bps)

California
Connecticut
Delaware
Florida
Illinois
Maryland
Massachusetts
Michigan
Nevada
New Jersey
New York
North Carolina
Ohio
Rhode Island
Texas
Wisconsin

2.77233
1.86767
0.36172
0.45694
1.43121
0.00036
1.33275
1.35849
1.60720
1.42782
0.57456
0.00122
0.00000
1.30812
1.02213
1.43746

1US Systemic

0.00027
0.00018
0.00740
0.00048
0.00019
0.00072
0.00029
0.00071
0.00028
0.00029
0.00052
0.00209
0.00094
0.00060
0.00036
0.00086
0.00011

–0.23030
–0.19809
–0.02976
0.00364

–0.15465
–0.00879
0.01016

–0.01886
–0.10741
–0.08546
–0.07576
–0.00470
–0.02645
–0.00045
0.03739
0.00128

–0.18121

0.20478
0.20299
0.04739
0.13941
0.14656
0.05189
0.14316
0.18135
0.20693
0.16587
0.17836
0.04445
0.0841
0.19802
0.11437
0.05363
0.11832

0.00002
0.00006
0.00034
0.00003
0.00005
0.00008
0.00002
0.00010
0.00003
0.00003
0.00006
0.00019
0.00005
0.00008
0.00004
0.00008
0.0000111

0.01277
0.03288
0.00396
0.00748
0.01074
0.00270
0.00497
0.00937
0.00995
0.00585
0.00630
0.00402
0.00449
0.02614
0.00505
0.00895
0.00989

0.00582
0.00830
0.00083
0.00264
0.00553
0.00061
0.00364
0.00702
0.00598
0.00401
0.00563
0.01232
0.00138
0.00866
0.00342
0.00102
0.00455

0.05006
0.04877
0.04041
0.06787
0.07818
0.01369
0.03196
0.08077
0.07524
0.07353
0.06639
0.03564
0.03549
0.07337
0.01932
0.02989

–

15.63182
10.03350

9.37273
10.53369
12.98478

9.82672
6.47085

14.67646
13.49578
14.15138
11.83003
9.73982
6.89550

13.78355
6.56435
9.63929
2.9912

Panel B: Summary Statistics of Default Risk Components

State-Specific Risk (ξit)tt

Percentage of the Systemic Risk Component (γiλtλ /(γ(( iλtλ +ξit))tt

Systemic risk (λtλ )tt

CA CT DE FL IL MD MA MI NV NJ NY NC TX WI

Mean 0.00481
0.00214Std. Dev.

0.01934
0.00958

0.00651
0.00330

0.00202
0.00170

0.01983
0.00927

0.01960
0.00999

0.01366
0.00750

0.01190
0.00814

0.02084
0.01594

0.01517
0.00969

0.01695
0.01002

0.01937
0.01270

0.01443
0.00680

0.00679
0.00621

0.00601
0.00416

Mean
Std. Dev.

30.818
11.926

62.234
15.153

58.173
27.350

10.560
4.425

28.985
11.152

0.025
0.065

40.044
17.737

31.366
18.304

38.241
17.152

31.772
14.816

15.642
11.151

0.108
0.227

OH

0.02288
0.00911

0.001
0.001

RI

0.00916
0.00484

50.768
18.725

47.806
21.240

62.806
20.194
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links between the dynamics of credit spreads and state 
economic fundamentals. We propose a structural model 
with a jump risk process to link i

CDSβ  to macroeconomic 
fundamental variables (see Appendix D). In this model, 
the credit risk premium depends on state income and the 

likelihood of state default. The structural model captures 
the endogeneity between the co-movement in state eco-
nomic fundamentals and that in state CDS spreads. We 
show that variations in the systemic risk of states i

CDSβ  
are linked to variations in the sensitivity (economic beta) 

E X H I B I T  8
Time-Series Regressions of Systemic Credit Risk

(continued)
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of individual state income to shocks in national income, 
state debt, interest coverage, growth and volatility of 
state income, and exposure of each state to external 
jump shocks (see Equation D12 in Appendix D). The 
structural model provides a justification for using eco-
nomic betas, state debt, interest burden, ratings, and the 
growth rate and volatility of state income to explain the 
cross-sectional variation in the systemic risk component 
across states.

Cross-Sectional Regression 

of State Systemic Risk

We next run the cross-sectional regressions using 
the two measures of systemic risk exposure for each 
state: γi estimated from the reduced-form model (see 
Exhibit 7), and i

CDSβ  estimated from the regression of 
weekly changes in the state CDS spread on weekly 
changes in the CDS spread of the US Treasury (see 
Exhibit 9).

According to the structural model (see Appendix D), 
systemic credit risk is driven by state economic fun-
damentals and the sensitivities of state economic per-
formance to US macroeconomic performance. We use 
personal income as a measure of aggregate income. In 
addition, we consider unemployment rates and housing 
value; both were significantly affected by the subprime 

crisis and had dramatic impacts on state revenue. Eco-
nomic betas are f irst estimated from the time series 
regression of historical data and then used to explain 
the cross-sectional variation in systemic risk exposure 
parameters. For example, βpersonal income is estimated from 
the regression of monthly changes in the state’s personal 
income against monthly changes in the US personal 
income. Betas for housing value and unemployment are 
similarly estimated against their national counterparts. 
For other explanatory variables, debt/GDP measures the 
debt burden and the deficit-to-revenue ratio proxies for 
the state’s ability to service debts. The growth rate is 
the average growth rate of state personal income, and 
volatility is the standard deviation of state income.

Besides state economic variables and betas, we 
include the credit rating for each state in the cross-
sectional regression. A state tends to have a poor credit 
rating if it is more vulnerable to aggregate economic 
shocks. The rating thus contains the “soft” information 
for the risk exposure of each state. The rating is the 
monthly average of the credit ratings for all outstanding 
bonds issued by a state.18 We assign an indicator value 

18 State bond data and ratings are collected from the Municipal 
Securities Rulemaking Board database and the Bloomberg system. 
For each month, we calculate the weighted average credit rating of 
a state by weighting each rating by the number of bonds issued by 
the state in that rating category.

E X H I B I T  8  (continued)
Time-Series Regressions of Systemic Credit Risk

Notes: This exhibit reports the results of time-series regressions of changes in the systemic default intensities (λt) on financial market variables (Panel A), 
macroeconomic variables (Panel B), and both financial market variables and macroeconomic variables (Panel C). The bottom of Panel C reports the 
contribution of each set of variables to the change in systemic credit risk. In columns (1) and (2) of all panels, systemic risk and all explanatory variables 
are weekly changes, whereas in columns (3) and (4), systemic risk and explanatory variables are monthly changes. Foreign CDS spreads and the CDX 
Emerging Market Index are included in columns (2) and (4) to control for international effects. The t-statistics are in parentheses. ∗, ∗∗, ∗∗∗ indicate 
significance at the 10%, 5%, and 1% levels, respectively.
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from one to six to the rating from AAA to B and assign 
a value of seven to any ratings below B.

Exhibit 10 reports the results of the cross-sectional 
regression for systemic risk. Column 1 reports the results 
for γi estimated from the reduced-form model (see 
Exhibit 7). Here, we obtain betas, economic variables, 
and ratings from historical data (01/2000–10/2007) and 
use the bootstrap to estimate standard errors of the cross-
sectional regression to correct the inefficiency and bias 
resulting from small sample size. Economic betas are 
significant except for unemployment, suggesting that 
higher sensitivities of a state economy to national eco-
nomic performance lead to higher systemic risk expo-
sure. High state income growth rates are negatively 
related to systemic risk exposure, whereas high volatility 
is positively related to it. State leverage (debt/GDP) and 
budget shortfalls (deficit/revenue) have positive coeffi-
cients, indicating that states with a higher debt burden 
have a greater exposure to systemic risk. These results 
are all consistent with the predictions of the structural 
model. The exposure of an individual state to systemic 
risk is significantly and positively associated with the 
state’s rating, a higher value of which indicates greater 
credit risk.

Column 2 of Exhibit 10 reports regression results 
for i

CDSβ . Unlike the γi regression, here we first estimate 

i
CDSβ  month by month by the rolling-window regression, 

E X H I B I T  9
Regression Estimates of Systemic Risk Parameter

Notes: This exhibit reports the systemic risk parameter, i
CDSβ , and 

t values, estimated from the regression of weekly changes in state i’s CDS 
spread on weekly changes in the CDS spread for the US Treasury, i.e.,

y yit i i
CDS

USt itΔ =y β + β ΔCDS + ξ∗
0 .

β

E X H I B I T  1 0
Cross-Sectional Regressions of Systemic Risk 
Exposure

Notes: This exhibit reports the results of the following cross-sectional 
regression of systemic risk parameters, SRPi:

∑+ β +

+ + σ + εμ σμ

/+

  /

0SRP b= b bβ + Rating b f Revenue/

b b G/ DP b bμ +μμ

iPP
j

j iββ j
r iRating s i/f Revenue//

d it G/ iσσb+++ i

where SRPi of state i is either γi estimated from the reduced-form 
model or i

CDSβ  from the regression of weekly changes in state CDS 
spreads on weekly changes in CDS spreads for the US Treasury: 

y yit i i
CDS

USt itΔ =y β + β ΔCDS + ξ∗
0 . Economic beta i

jβ  is estimated from the 
regression of monthly changes in variable j of state i on monthly changes 
in the US-level counterpart, i.e., State USUUit

j
i
j

i
j

t
j

it
jΔ =State j αi β Δi

j + ε , where 
j = personal income, median housing value, and unemployment rates. 
μi and σi are average growth rate and volatility of state personal income for 
state i. In the first column, economic betas are estimated over the period of 
January 2000 to October 2007 and used in the cross-sectional regression 
of γi estimates in Table 6. In the second column, results are based on the 
Fama-French type of rolling regressions. For each month, economic betas 
are estimated over the past three years ending in month t-1, and βi

CDS  is 
estimated over the three-year period starting from month t. The t-statistics 
are in parentheses. ∗, ∗∗, ∗∗∗ indicate significance at the 10%, 5%, and 
1% levels, respectively.

βββ

β

β

γ β
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and then we obtain the coefficients in the cross-sectional 
regression and their standard errors, similar to the Fama–
MacBeth (1973) method. In each month t, we estimate 
economic betas using the monthly data from the past 
three years, and estimate i

CDSβ  from the regression model 
using the weekly data over the next three-year period.19 
Similarly, in each month we obtain average debt/GDP 
and deficit/revenue, and the growth rate and volatility 
of state income from the past three years. The eco-
nomic betas and variables are then used to perform the 
cross-sectional regression test on i

CDSβ . This procedure 
is repeated each month until we reach the last three-
year period of the sample. This procedure generates a 
time series of parameter estimates from monthly cross-
sectional regressions.

The rolling regressions (see Column 2) produce 
more-precise estimates, ref lecting the advantage of using 
the Fama–MacBeth method. All economic betas are 
highly significant, and coefficients are of the predicted 
sign. High economic betas and leverage and lower rat-
ings are associated with high systemic risk exposure. 
State income growth rates have a significantly negative 
effect on systemic risk exposure, whereas volatility of 
state income has a significantly positive effect. Housing 
value beta is highly significant for CDSβ  and γi regres-
sions. Our sample period overlaps the subprime crisis 
when the housing market debacle constituted the largest 
common shock. The high significance of this variable 
ref lects the importance of housing market performance 
during this period. State leverage (debt/GDP) is another 
variable that is highly significant for both regressions, 
suggesting that the debt burden contributes to the vul-
nerability of states. Overall, there is strong evidence that 
a state’s systemic risk is closely linked to macroeconomic 
fundamentals. The cross-sectional tests reinforce the 
time series tests and suggest that macroeconomic chan-
nels are the key driver of systemic state credit risk.

Determinants of State-Specific Credit Risk

We next regress state-specific default intensity ξit 
estimated from the reduced-form model on state eco-
nomic variables. Exhibit 11 reports the results of panel 
regression with controls for the time/state fixed effects.20 

19 CDS betas are estimated using weekly data to be consistent 
with the estimates from the reduced-form model.

20 State-specif ic variables are again selected by stepwise 
regression.

As indicated, the deficit-to-GDP ratio, state debt, coin-
cident index, and personal income are all significant at 
least at the 5% level. The sign of regression coefficients 
is consistent with economic intuition. Deficit-to-GDP 
ratio and state debt are positively associated with idio-
syncratic credit risk, whereas the coincident index and 
personal income are negatively associated with it. The 
adjusted R2 value is 0.65, indicating that state economic 
variables explain a good portion of the state-specif ic 
component of credit risk.

CDS SPREAD CO-MOVEMENT AS AN 

ALTERNATIVE SYSTEMIC RISK MEASURE

An alternative approach to study the systemic state 
credit risk is to directly look into the co-movement 
in credit spreads (see Bisias, Flood, Lo, and Valavanis 
2012). In this section, we analyze common variations 
in state CDS spreads and examine whether they can 
be explained by macroeconomic and financial market 
variables.

E X H I B I T  1 1
Regression for the State-Specific Credit Risk

Notes: This exhibit reports the result from the panel regression of monthly 
changes in state-specific credit risk, ξit, on state economic variables with 
time and state fixed effects controlled. ξit’s are estimated from the Ang–
Longstaff (2013) model. The t-statistics are in parentheses. ∗, ∗∗, ∗∗∗ 
indicate significance at the 10%, 5%, and 1% levels, respectively.

ξ
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We first investigate the covariation of CDS spreads 
among US states using the following regression:

 0 1y b w1 y eit j jy tj i it∑∑Δ =y Δw j+ b1∑ +  (10)

where Δyit is the differenced CDS spread for state i. 
The explanatory variable on the right side is the equal-
weighted average of the differenced CDS spreads in all 
other states, excluding the state whose spreads enter as 
the dependent variable, and wj represents the (equal) 
weight used to construct the average spread. Using this 
regression, we assess the degree of co-movement across 
states in the CDS market.

We run the monthly regression for each state CDS 
spread series separately and plot the time-series average 
of actual spreads for each state CDS against the time 
series average of the predicted CDS spreads from the 
regression. Exhibit 12 shows how much of the CDS 
spread of each individual state can be explained by 
the average CDS spreads from other states. We plot a 
45 degree line passing through the origin to highlight 
the cross-sectional fit and the magnitude of the predic-
tion errors across states. As shown, actual spreads line up 

very nicely with predicted expected spreads. Prediction 
errors are very low, and the cross-sectional regression 
R2 is high (0.91). The results show strong CDS spread 
co-movement across states. The evidence in Exhibit 12 
makes a compelling case for a common factor structure 
in state CDS spreads.

The results above raise the issue of what drives the 
strong co-movement in state CDS spreads. To investi-
gate the sources of covariations in state CDS spreads, 
we extract common factors from state CDS spreads and 
examine their relationships with macroeconomic fun-
damentals and financial market variables. This factor 
approach has several advantages. First, it reduces noise 
in the observed CDS spread and provides a more precise 
estimation for the relationships between systemic credit 
risk and economic and financial variables. By design, the 
PCA captures the maximum covariation in state CDS 
spreads by eliminating idiosyncratic noise. Second, as the 
analysis based on covariations in state CDS spread series 
is not conditional on a particular formulation for default 
intensities and chain reaction parameter γi, they are free 
from model specification bias. Third, common factors of 

E X H I B I T  1 2
Actual and Predicted CDS Spread Changes

Notes: This exhibit plots the changes in a state’s actual CDS spreads against its predicted expected changes. We run a time-series regression of the changes 
in each state’s monthly CDS spreads on monthly CDS spread changes averaged across all other states, excluding the state being analyzed. We then plot 
the time-series average of the predicted value from this monthly regression (i.e., predicted expected changes in CDS spreads) against the time-series average 
of actual CDS spread changes.
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state CDS spreads capture virtually all important infor-
mation in the observed spreads (see the analysis below). 
As such, the factor approach provides a parsimonious 
framework for identifying the source of systemic credit 

risk. In the following, we present the results based on 
this factor approach.

We first extract common factors from monthly 
changes in state CDS spreads. Panel A of Exhibit 13 

E X H I B I T  1 3
Time-Series Regressions for Common Factors of State CDS Spreads

Panel B: Macroeconomic Variables

M1

T-Bill 3 MontTT h

Unemployment

Corporate DEF

Productivity

Industrial Production

National Debt

Exchange Rate

MBX

Municipal DEF

Personal Income

Deficit/GDP

CDS JPN

CDS CHN

CDX EM

Constant

R2

Adj. R2

(1)
Factor 1

3.294***
(5.09)
4.082***

(4.58)
–2.130*

(–1.82)
2.240***

(4.29)
–1.765***

(–3.35)
–1.659

(–0.67)
–0.496**

(–2.77)
12.120***
(5.73)

1.880**
(2.68)

0.667

0.547

(2)
Factor 2

2.119***
(3.88)
3.738***

(5.69)
–1.347**

(–2.23)
1.089

(1.39)
–1.815***

(–4.46)

1.283*
(1.92)
1.736*

(1.85)
–8.812***

(–3.37)

0.451***
(5.02)

0.650

0.523

(3)
Factor 3

2.694***
(5.99)
3.316***

(3.77)
–1.253**

(–2.27)
1.305**

(2.27)
–2.719***

(–11.78)

0.116***
(5.90)

0.520***
(4.59)

0.659

0.573

(4)
Factor 1

2.784***
(4.94)
4.244***

(3.43)
–2.441*

(–1.93)
2.513***

(4.86)
–1.169*

(–1.82)
–3.042

(–1.31)
–0.483*

(–1.90)
–1.189

(–0.27)

0.610
(0.53)
0.193

(0.29)
0.368

(1.00)
1.771*

(1.84)

0.712

0.546

(5)
Factor 2

2.350***
(3.65)
3.757***

(6.07)
–1.412*

(–1.96)
1.416***

(3.04)
–0.802

(–1.36)

1.481**
(2.19)
1.210

(1.56)
–9.385***

(–3.91)

0.182
(0.28)
0.762

(1.22)
0.176

(0.67)
0.202

(1.37)

0.744

0.596

(6)
Factor 3

2.778***
(4.21)
3.024***

(4.26)
–1.065

(–1.52)
1.492**

(2.63)
–2.006***

(–4.94)

0.095***
(3.58)
0.218

(0.32)
0.931

(1.14)
–0.045

(–0.13)
0.316

(1.65)

0.697

0.567

Panel A: Proportion of CDS Spread Variations Explained by Principal Components

Cum. % Explained by Factors

Factor 1

81.0%

Factor 2

87.4%

Factor 3

91.6%

Factor 4

94.7%

Factor 5

96.7%

(continued)
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E X H I B I T  1 3  (continued)
Time-Series Regressions for Common Factors of State CDS Spreads

Panel C: Financial Market Variables

Panel D: Horserace Regressions

S&P 500

5yr Swapaa

VIX

CDX Corp

Constant

CDS JPN

CDS CHN

CDX EM

R2

Adj. R2

Industrial Production

National Debt

Exchange Rate

MBX

Municipal DEF

Productivity

Unemployment

M1

T-Bill 3 MontTT h

Corporate DEF

(1)
Factor 1

(1)
Factor 1

–9.770**

–0.487

–1.631

–1.243

–0.049

(–2.43)

(–1.14)

(–0.85)

(–1.34)

(–0.35)

0.211

0.090

–2.583

–0.432***
(–1.30)

(–3.23)

(0.63)
4.902

–0.488

(3.57)

(5.38)
–2.789***

(–4.19)

(4.43)

(–0.74)

2.743***

4.162***

2.962***

(2)
Factor 2

(2)
Factor 2

–10.490***

–1.194**

–3.611

–0.741

–0.093

(–4.18)

(–2.42)

(–1.41)

(–0.45)

(–0.86)

0.434

0.347

(2.86)

(1.61)

1.475**

1.937

–0.274

(2.39)

(3.86)
–1.798***

(–3.58)

(2.86)

(–0.35)

1.881**

3.603***

1.695**

(3)
Factor 3

(3)
Factor 3

–10.513***

–0.995

–4.846

–0.579

–0.080

(–3.47)

(–1.48)

(–1.63)

(–0.36)

(–0.62)

0.381

0.285

–1.954**

(4.97)

(4.14)
–1.620***

(–5.61)

(2.10)

(–2.53)

2.663***

3.163***

1.608**

(4)
Factor 1

(4)
Factor 1

–6.955

–0.540

–1.248

–2.149***

–0.097

(–0.94)

(–1.16)

(–0.41)

(–3.33)

(2.53)

(0.29)

(0.14)

(–0.75)

2.091**

0.323

0.074

0.282

0.064

–3.694**

–0.515*
(–2.53)

(–1.92)

(–0.17)
–1.079

–0.587

(3.87)

(6.01)
–3.158***

(–4.19)

(3.32)

(–0.43)

2.693***

4.611***

2.829***

(5)
Factor 2

(5)
Factor 2

–5.251

–1.288**

–3.609

–2.122

–0.133

(–1.66)

(–2.62)

(–1.17)

(–1.50)

(1.65)

(0.32)

(1.34)

(–1.63)

1.613

0.368

0.478

0.559

0.424

(3.48)

(2.17)

1.694***

1.387**

0.096

(2.76)

(4.35)
–1.889***

(–3.44)

(3.26)

(0.17)

2.190**

3.742***

1.353***

(6)
Factor 3

(6)
Factor 3

–5.510

–1.086

–4.758

–1.812

–0.109

(–1.29)

(–1.62)

(–1.35)

(–1.50)

(0.94)

(0.50)

(1.22)

(–1.10)

1.064

0.580

0.428

0.487

0.331

–1.743*

(6.12)

(5.90)
–1.662***

(–2.96)

(2.20)

(–1.97)

2.916***

3.265***

1.245**

(continued)
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reports the results based on the principal component 
analysis. As shown, the first three factors account for a 
substantial proportion of common variations (92%) in 
state CDS spreads. The importance of factors diminishes 
rapidly as we move further down the order. For example, 
the fourth and fifth factors contribute only 3.1% and 2% 
to the overall explanatory power of the model. In all, 
the first five factors account for 97% of the variations of 
CDS spreads for all states.

We next regress the first three CDS factors against 
macroeconomic and financial market variables, first sep-
arately and then jointly. The stepwise regression is again 
used to choose the macroeconomic variables to maxi-

mize the explanatory power of the regression model, 
and standard errors are adjusted by the Newey–West 
(1987) method.21

Columns 1–3 of Panel B in Exhibit 13 show that 
macroeconomic variables explain substantial variations 
in the first three factors of state CDS spreads. The first 
CDS factor is closely related to general macroeconomic 
variables, such as production, monetary, and employ-
ment indicators. The second factor is related to bond 
market yields and default spreads besides the general 

21 For brevity, we report only the results including orthogonal 
macro “financial” variables.

E X H I B I T  1 3  (continued)
Time-Series Regressions for Common Factors of State CDS Spreads

Notes: Panel A reports the cumulative percentage of CDS spread variations explained by the factors obtained from the principal component analysis 
of monthly CDS spread changes. The remaining panels report time-series regression results of the first three CDS common factors against macroeconomic 
variables (Panel B), financial market variables (Panel C), and both macroeconomic and financial market variables (Panel D). International effects are 
controlled in columns (4)–(6) of Panels C, D and E. The bottom of Panel D reports the contribution of each set of variables to changes in the CDS 
spread factors. The t-statistics are in parentheses. The signs ∗, ∗∗, ∗∗∗ indicate significance at the 10%, 5%, and 1% levels, respectively.

Personal Income

S&P 500

5yr Swap

VIX

CDX Corp

CDS CHN

CDX EM

Deficit/GDP

CDS JPN

Constant

R2

Adj. R2

Macroeconomic Proportion:

(1)
Factor 1

–8.777***

–0.110

–5.589***

0.500

(–3.70)

(–0.37)

(–4.48)

(0.59)

(2.67)
1.502**

0.774

0.623

99.07%
0.93%

(2)
Factor 2

–7.952***
(–3.45)

–8.651**

–0.412

–5.775**

0.448

(–2.78)

(–0.86)

(–2.14)

(0.36)

(0.73)
0.139

0.781

0.635

93.06%
6.94%

(3)
Factor 3

–6.645*

0.048

–6.411**

0.445

(4.23)

(–1.83)

(0.14)

(–2.47)

(0.35)

(1.76)

0.104***

0.394*

0.753

0.630

98.55%
1.45%Financial Proportion:

(4)
Factor 1

–6.418

–0.038

–6.430***

0.513

–0.552

(–1.72)

(–0.09)

(–4.65)

(0.52)

(0.04)

(–0.67)

(1.51)

(1.52)

0.591

0.055

1.835

0.796

0.591

99.25%
0.51%
0.23%

(5)
Factor 2

–9.136**
(–2.66)

–3.889

–0.498

–6.675**

–0.301

–0.153

(–1.69)

(–1.09)

(–2.88)

(–0.27)

(0.19)

(–0.23)

(2.77)

(0.21)

0.727**

0.143

0.041

0.857

0.715

92.44%
6.63%
0.92%

(6)
Factor 3

–3.492

–0.037

–7.132**

–0.214

–0.225

(3.01)

(–1.21)

(–0.09)

(–2.84)

(–0.16)

(0.10)

(–0.28)

(2.84)

(1.06)

0.568**

0.106***

0.091

0.323

0.797

0.642

98.65%
0.86%
0.49%International Proportion:
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macroeconomic variables, while the third factor loads 
additionally on the def icit variable (def icit/GDP). 
Columns 1–3 of Panel C report results using financial 
market variables as regressors. Only the stock market 
index return explains the first CDS factor, while the 
remaining financial market variables are insignificant 
except for swap rates in the regression of the second 
CDS factor.

Panel D presents the results of horserace regressions 
that include both sets of variables. Macroeconomic vari-
ables remain quite significant even after financial market 
variables are added. The relative contributions of mac-
roeconomic variables to the change in CDS factors are 
very high, ranging from 92% to 99% for regressions with 
and without international variables. The results show 
that state CDS spread factors are much more closely 
related to macroeconomic variables, again suggesting 
that macroeconomic linkages are the principal channel 
for the covariation in state CDS spreads. This finding 
is robust to controlling for the international effect (see 
Columns 4–6 in each panel from B to D).

CONCLUSION

In this article, we attempt to answer an impor-
tant question: Is systemic state credit risk driven by 
common shocks in macroeconomic fundamentals or 
f inancial markets? We investigate this issue using a 
comprehensive data set and different methods of mea-
suring systemic risk. A main takeaway from this article 
is that macroeconomic linkages are far more important 
than financial market linkages in driving systemic state 

credit risk. This f inding is robust to different model 
specifications, measures of systemic risk, and controls 
for international effects.

Our results consistently show that variations in 
the state credit spread and its systemic risk component 
are closely related to macroeconomic conditions. Mac-
roeconomic variables have higher explanatory power 
for the temporal variation in state credit spreads than 
do financial market variables. Weaknesses in economic 
fundamentals appear to be behind the heightened state 
credit risk premia during the recent f inancial crisis. 
Moreover, there exists high cross-sectional dispersion 
in the exposure of individual states to systemic risk. Eco-
nomic betas, debt burden, growth and volatility of state 
income, and ratings explain the cross-sectional varia-
tions in states’ systemic risk exposure quite well. Results 
show that state systemic credit risk exposure is associated 
with sensitivities of the state economic performance to 
the national economy. Overall, there is compelling evi-
dence from time series and cross-sectional analyses that 
macroeconomic linkages are the fundamental source of 
systemic state credit risk.

A P P E N D I X  A

Description of Variables

The table below provides description, data frequency, 
and sources for the variables used in this article. Mean and 
standard deviation (std. dev.) of the variables are reported. 
The data cover the period from November 28, 2007 to 
December 31, 2012, in most empirical tests.
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A P P E N D I X  B

The Ang–Longstaff Model 

for State CDS Valuation

This appendix outlines the specif ication of the 
Ang–Longstaff affine model (2013), which is used to estimate 
the systemic and idiosyncratic components of state credit 
risk.22 In this model, sovereign CDS spreads are driven by 
two independent types of credit events. The f irst type is 
the idiosyncratic risk of default for an individual sovereign, 
which can be specified as the first jump of a sovereign-specific 
Poisson process. The second type is the systemic risk of 
default, which is common to all states.

Given the mean-reverting square root dynamics for 
systemic and idiosyncratic intensity processes in Equations 2 
and 3, it can be shown that the closed-form solution for the 
CDS spread (see Ang and Longstaff 2013) is

  
∫

∫
=

λ ξ ξ λ

λ ξ

( ) ( ( ) (ξ ,λ ))

( ) (λ ,ξ ) 
,0

0

y
w∫ t) ( B+ γ) t d)) t

t( A(λ t,ξ dt
it

T

t iξ t iγ, ) + γ) it t

T

t iξξξ t  

(B1)

where
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22 For details of the model structure and derivations, see Ang 
and Longstaff (2013).
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A P P E N D I X  C

Maximum Likelihood Estimation 

with Unscented Kalman Filter

In this appendix, we f irst describe the unscented 
Kalman filter (UKF) model and the procedure of estimating 
the parameters in the CDS pricing model. Following that, 
we conduct simulations to assess the performance of this 
Kalman f iltering method. The UKF was introduced by 
Julier, Uhlmann, and Durrant-Whyte (1995) and further 
developed by Julier and Uhlmann (1997, 2004) and Wan 
and van der Merwe (2001). Its application in f inance was 
pioneered by Bakshi, Carr, and Wu (2008); Carr and Wu 
(2007, 2010); Chen, Liu, and Cheng (2010); and Christof-
fersen, Dorion, Jacobs, and Karoui (2014). In this article, 
we follow the estimation procedure in Carr and Wu (2010) 
to estimate the Ang–Longstaff (2013) model for state CDS 
valuation.

The pricing formula and the default intensity pro-
cesses in Equations 2 and 3 are cast in a state-space form in 
which an econometrician may encounter a filtering problem 
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associated with incomplete data. When the state-space system 
is Gaussian and linear, the standard Kalman filter generally 
provides a quite reliable estimation. However, when the 
system is subject to nonlinearity, the UKF is more efficient 
and less biased (see Christoffersen, Dorion, Jacobs, and Karoui 
2014). To handle nonlinearity in state space, we use the robust 
UKF to estimate the CDS pricing model. The UKF generates 
a set of sigma points for consecutive predictions and updates 
for a general nonlinear (non-Gaussian) state-space model. 
These sigma points are propagated through the underlying 
nonlinear system, and the weighted conditional mean and 
covariance are calculated on state variables and the measure-
ment series accordingly.

The measurement function of the UKF model is

 yt th t= Θhh ;txtx ) ,et+  (C1)

where yt is the vector of observed CDS spreads with dif-
ferent maturities at time t; h(xt;Θ) corresponds to the model 
value of CDS (see Equation [B1]) that depends on the latent 
default intensity vector xt and parameters Θ, and the error et 
is independent and identically distributed (i.i.d.) normally dis-
tributed with zero means and a variance–covariance matrix 
R.23 This equation includes an additive measurement error 
(noise) for CDS spreads. The measurement equation maps the 
unobserved intensity variables into CDS spreads.

23 To reduce the size of the parameters, we specify R as a 
diagonal matrix in the empirical implementation. 

The dynamics for the default intensity vector xt, 
including systemic and idiosyncratic components, are repre-
sented by an autoregressive state propagation system

 εεεε+ Φx A= x QΦ +Φ − ,1 1Q+t t+ ΦA xΦΦ t tεεεε1−  (C2)

where εt is the i.i.d. standard normal random vector and 
Qt−1 = Vart−1(xt) is the conditional covariance matrix. This 
discrete-time representation encompasses variant stochastic 
models in the literature with a mean-reverting drift and a 
time-varying diffusion. Equations C1 and C2 constitute the 
nonlinear state-space model. 24

The UKF consists of predictions and updates for the 
conditional mean and covariance of the state vector xt and 
measurement yt. The prediction equation generates sigma 
points to make predictions on xt and yt. Denote xt|t and Σxx,t|t 
as the ex post updates on the state vector and its covariance 
matrix at time t, conditioning on the observed measurement 
yt, p as the dimension of state variables xt, and δ as a control 
parameter. We generate a set of 2p + 1 sigma points as follows:

xt tXt =+ ,1,0 1xt+xtx |

24 Given the default intensity processes in (2) and (3), the 
corresponding parameters A, Φ, and Qt-1 are (α/β)(1 − e−βΔt), e−βΔt, 
and [(ασ2/2β2)(1 − e−βΔt)2 + (σ2/β)(e−βΔt − e−2βΔt)]λt-1 in the systemic 
default intensity component and (a/b)(1 − e−bΔt),e−bΔt, and [(ac2/2b2)
(1 − e−bΔt)2 + (c2/b)(e−bΔt − e−2bΔt)]ξit−1 in the idiosyncratic default inten-
sity component. Δt = 1/52 denotes the data frequency. 

E X H I B I T  A 2
Monte Carlo Simulations

TrueTT
Mean
Median
Std. dev.

α
0.00100
0.00100
0.00100
0.00001

β
–0.00156
–0.00143
–0.00147
0.00028

σ
0.03600
0.03608
0.03603
0.00033

a

0.00140
0.00139
0.00139
0.00001

b

0.08130
0.08071
0.08078
0.00045

c

0.02840
0.02938
0.02939
0.00065

γ
0.46800
0.46924
0.46787
0.00513

Notes: This exhibit reports maximum likelihood estimates of the parameters in the default intensity processes using the Unscented Kalman Filter from 100 
simulated data samples. The simulated model is based on Ang and Longstaff (2013), in which the CDS contract is driven by two intensity processes:

d dt dZt t tλ =t βλ σ λ λ)t ,dZλ

and

d a dt dZit it itξ =it − ξb + ξc ξ)it(a − ξb ,dZξ

where λt ans ξt are default intensities attributed to the systemic and idiosyncratic shocks, respectively. “True” in the first row denotes the true parameter 
values in simulations. The time length of the simulated data is 1000. “Mean”, “Median”, and “Std. dev.” are the sample average, median, and standard 
deviation computed from the 100 estimated parameter values.
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(Σxx,t+1|t)j is the jth column of matrix Σxx,t+1|t, and xt+1|t and 
Σxx,t+1|t are predictions on the state vector xt and covariance 
conditional on the information at time t. The corresponding 
weight for each sigma point is given by

= δ
+ δ
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+ δ
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P
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P
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We use these sigma points to predict the conditional 
mean and covariance of the measurement series

 yt t
i

p

i t i∑∑ Θhh X∑
=

+ ;itt iXt+ ),|
0

2

1,  (C5)
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Given the Gaussian-linear structure of state propaga-
tion, we update the conditional mean and covariance of the 
state vector by new observed yt+1:

x x K yt t t t t= +xt + )y yty t−+ ,| 1t+t | 1Kt t+ Kt tKK+t tty +yt |  (C8)

ΣΣ ΣΣΣ ΣΣΣ −ΣΣΣΣ Σ ′K KΣ ,, 1| 1+ , 1+ | 1K + 1++ | 1+Kxx 1+ | xx 1+ | yΣ1++ y t,  (C9)

where Kt+1 = Σxy,t+1|t(Σxy,t+1|t)
−1 is the Kalman gain. The standard 

Kalman filter recursion is then invoked in maximum likeli-
hood estimation (MLE).

Denote the model parameters by Θ = (a, b, c, α, β, σ, γ). 
The data sample for the term structure of CDS contracts 
consists of T observations yt = (yt(τ1), …, yt(τK)), t = 1, …, T, 
where yt(τi) denotes a CDS spread with maturity τi at time t. 
We utilize one-, two-, three-, five-, seven, and ten-year CDS 
spreads in this estimation.

The procedure of the MLE estimation with the UKF 
can be summarized as follows. We initialize the algorithm 
at t = 0 by setting x0|0 = 0 and Σxx,0|0 = I. For t = 1, …, T, we 
start the following recursion:

• Step I: Calculate the set of sigma points (χt,0, …, χt,2p)’ 
based on Equations C3 and C4, given the updated state 
vector xt−1|t−1 and its covariance Σxx,t−1|t−1;

• Step II: Predict the conditional mean and covariance on 
the measurement series yt|t−1, Σyy,t|t−1, and Σxy,t|t−1, using 
the sigma points based on Equations C5–C7;

• Step III: Update the state vector xt|t using the new 
observed measurement yt as in C8 and C9, and 
compute the predicting error of yt, denoted by 
εt = yt − yt|t−1.

We repeat the above steps over the whole sample period 
and obtain the time series of the predicting errors εt and the 
covariance matrix Σyy,t|t−1 for t = 1, …, T. Under the assumption 
that εt is i.i.d. normal, we estimate parameters by maximizing 
the log-likelihood function:

 
t

T

t

T

yy t yy t t∑ ∑lt − Σ − ′ε Σ′ ε⎡
⎣⎢
⎡⎡
⎣⎣

⎤
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⎦⎦=

t−
−1

2

1

2
.

2 2t=t
,|t 1 t yy1 t yyε Σtt yy2 | 1tt

1  (C10)

To evaluate the performance of the UKF, we conduct 
simulations. We simulate the latent systemic default intensity 
λt and the idiosyncratic default intensity ξit according to the 
Euler discretized version of Equations 2 and 3. We divide up 
the period in each week into 140 (=7 days × 20) subintervals 
to simulate the default intensities. The weekly time series 
of latent systemic and idiosyncratic default intensities are 
extracted by sampling once for each of the 140 data points. 
We then compute the time series of CDS spreads with six 
different maturities by using the simulated default intensities. 
The time length of the simulated data is 1000.

For each simulated series of the term structure of CDS 
spreads, we perform maximum likelihood estimation using 
the UKF. This exercise is repeated 100 times to analyze the 
quality of the estimation procedure. Simulation results are 
presented in Exhibit A2. Results show that the UKF per-
forms extremely well. The bias resulting from model estima-
tion is very small for all parameters. This f inding suggests 
the UKF is very suitable for estimating the parameters of the 
CDS pricing model. Using swap rates in their tests, Christ-
offersen, Dorion, Jacobs, and Karoui (2014) show that the 
UKF significantly outperforms the extended (linear) Kalman 
filter. Our simulation results for CDS spreads are consistent 
with their f indings.

To evaluate the performance of the UKF, we re-
estimate the model using the data over the same sample period 
as that of Ang and Longstaff (2013) for the 10 states and US in 
their sample. Ang and Longstaff treat latent intensities λt and 
ξit as “parameters” and use the nonlinear least squared (NLS) 
approach to estimate the model parameters Θ and the time 
series of latent intensities {λt} and {ξit}. Thus, the dimension 
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of parameter space increases with the length of CDS time 
series. By contrast the dimension of parameter space for the 
UKF is fixed. The numerical efficiency and computational 
burden can be affected by the enlarged parameter dimension.

The results based on the UKF are reported in Exhibit A3. 
Compared with the results in Exhibit 2 of Ang and Longstaff 
(2013), we find that most parameter estimates are in line with 
their estimates. More importantly, the parameter estimates 
for individual states by the UKF have much higher precision, 
as indicated by lower standard errors, which are substantially 
smaller than Ang and Longstaff ’s (2013) estimates. Moreover, 
the root mean squared errors of the UKF are much smaller 
(about 15% lower) than those reported by Ang and Longstaff 
(2013), suggesting that this method fits the data much better 
than the nonlinear regression. Eight out of ten states have 
smaller values of RMSEs. Results strongly suggest that the 
UKF method is superior to the nonlinear regression method.

A P P E N D I X  D

A Structural Model for 

the Determination of i
CDSDDβ

The structural approach has distinct advantages for 
modeling the relation between economic fundamentals and 
state credit spreads. In particular, the structural model enables 
us to trace the endogenous linkage between economic vari-
ables and credit spreads, an important feature also exploited 
by Chen (2013). The model offers economic insight to guide 

the selection of appropriate economic and financial variables 
to explain the relation between the co-movement in state 
credit spreads and economic fundamentals.

In this appendix, we use a structural model to establish 
the endogenous link between state credit spreads and eco-
nomic fundamentals. As systemic risk originates from the 
finance crisis, we incorporate a jump risk process in the model 
to capture the sudden drastic shock that causes financial insta-
bility so widespread that it affects the entire economic and 
financial systems.

Let there be n states indexed by i, with i = 1, 2, …, n, 
and i = 0 refers to the United States. Assume that state revenue 
Vi,t follows a stochastic process that includes a Geometric 
Brownian motion with average growth rate ˆ

iμ  and volatility 
σi, and a jump process. The revenue of state i drops by a frac-
tion νi of the total revenue when there is large external shock 
( jump) as occurred in the subprime crisis. More specifically, 
the state revenue under the physical probability measure P̂  
is characterized by the following process

 dV V dt V dW V d N t

V dW V dN
i tVV i iVV t idt i tVV i tWW i iVV t td N

i i i t i i t i t i i tVV t

= μ − ν − λ

= μ + ν λ +V dti tVV σ −V dWi iVV t idWW t ν −

ˆ ˆ ( ˆ )

( ˆ ˆ ) ˆ
, ,t i iμ , ,t i ,

, ,t i i , ,t i i  (D1)

where ˆ
,Wi t,WW  is a standard Brownian motion, Nt is a jump 

process, λ̂ is the jump intensity, νi is the loss rate when a 

jump shock occurs, and − λ̂N t− λt  is the compensated jump 
process. Inclusion of the jump component allows us to cap-
ture the sudden loss in state revenue due to an extraordinary 
external shock. This specification accommodates the effect 

E X H I B I T  A 3
Maximum Likelihood Estimates of Model Parameters

Notes: This exhibit reports the maximum likelihood estimates of the Ang–Longstaff (2013) CDS pricing model for the US Treasury and 10 US states. 
The sample and data period are restricted to be the same as in Ang and Longstaff (2013). One-, two-, three-, five-, seven-, and ten-year CDS contracts 
are used in the estimation. The root mean squared pricing errors (RMSEs) are measured in basis points.
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of unusually drastic shocks such as the recent financial crisis 
that has widespread impacts on the entire economic system. 
By construction, the jump shock is systemic, which affects 
all states and the US.

Suppose that markets are complete and there is a unique 
risk-neutral measure P. Let

{ }p, {pZ {= {expW t,

λ
λ

⎛
⎝⎜
⎛⎛
⎝⎝

⎞
⎠⎟
⎞⎞
⎠⎠

λ−λ

ˆ,
( ˆ )Z e=N t,

t

Nt

=ˆ ., ,

dP

dP
Z ZW t, N t,

Under the risk-neutral measure,

= − θˆ
0, 0,dW0 dW0 dtt t0,dW0

where θ is associated with national income (e.g., US GDP), 
which represents the systematic economic shock. The risk-
neutral state revenue process can be expressed as

 ( )= ( +) σ − ν −, ,( )( , , ,dV V+ σ dW V dNi t,VV i t, i i t i t iν i t,VV t  (D2)

where

μ = μ − θρ σ = μ − θσ βˆ ˆθ 0 0σ μ θσi iμ σ iβ0θσ GDP

and ρ0i is the correlation coefficient between W0,t and Wi,t. 
Assume that the debt for state i is a consol bond with a coupon 
rate Ci. When state i is solvent, the claim on the state revenue 
satisfies the equation25
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where F(Vi,t) is the market value of state i’s debt at time t and 
r is the riskless rate. A state defaults on its debt whenever 
the state’s revenue falls below interest expense. This involves 
with two situations. First, a default occurs due to the normal 
revenue shortfall. The boundary condition for this default 
is given by

.,V C<i t,VV i

25 See Leland (1994) for the case without jump shocks.

Second, the state can be hit by a jump shock. The jump 
shock reduces the state revenue to Vi,t(1 − νi) and if the loss 
rate νi is so large that

Vi tVV i i(1 ) ,CiC,

then state i defaults. We treat such a default as a simple arrival 
of a jump process. Without loss of generality, we assume that 
Vi(1 − νi) < Ci when a jump shock occurs and thus,

i t i( (Vi tVV 1 )i− ν ) 0= .,

Eq. D3 now becomes
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subject to the default condition

 F i =( )Ci 0. (D5)

An additional boundary condition is 26
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The debt does not become risk free as Vi,t goes to 
infinity because the impact of the jump shock grows in pro-
portion to the state revenue.

The value of debt F(Vi,t; t) is given by
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where bi is the solution of

+ λ − λ − − σ =2[ (μ + ν λ (− 1) 02r b+ λ − b b(i iμμ i i)λ ] i iσ) .

Only the negative root satisfies the condition in D6, 
which is
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Equation D7 states that the value of a state debt is equal 
to the present value of a consol, including a risk premium λ 
due to the jump shock (e.g., subprime crisis), minus the present 

26 This ensures that F(Vit) is bounded and will not explode.
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value of the loss at default due to the shock to state economic 
fundamentals.
The credit spread for country i’s consol is given by
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Using Ito’s lemma, the relation between CDS beta of 
state i with respect to US CDS spreads, βCDS, and the GDP 
beta of state i with respect to US GDP, βGDP, is given by
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and the state revenue Vi,t is correlated with the US income 
through the correlation in the Brownian shocks with a coef-
ficient ρ0i. Given F(t), the credit spread of the consol bond 
is equal to the spread of its CDS contract at time t, si,t, and

′ =
λ

+ λ
( ) ( )

)+ ( )− λ
, ,) , ,S′( V F

b s(

ri , i t,VV i i(( )+ ()()( t

Substituting this relation into Equation D10, we have
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This theoretical relation provides an economic founda-
tion for explaining the variation of systemic credit risk across 
states measured in (9).

Equation D12 suggests that state CDS beta is tied to state 
economic variables and GDP beta. Also, from Equations D7–
D9 and D11, we find that growth rates (μi) and volatility of 
state income (σi), the state debt value (Fi), interest coverage 
(Vi/Ci) and losses associated with the aggregate jump shock 
(ni) are important state-specific variables which determine 
the exposure to systemic risk. State income growth rates and 
volatility, and state income beta are used along with the state 
debt value and interest coverage to explain cross-sectional 
variations in the systemic risk exposure. The subprime crisis 
led to substantial losses of state housing value and jobs and 
deterioration in credit standing. To the extent that the losses 
associated with the aggregate jump shock during the crisis 
(νi) will be ref lected in state unemployment, housing prop-

erty value (tax revenue) and credit standing, we include these 
variables in empirical tests.
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The relevant role of liquidity in 
the pricing of corporate bonds is 
widely recognized in the litera-
ture since the emergence of data-

bases that facilitate the calculation of certain 
measures and, especially, with the renewed 
interest in the topic with the financial crisis 
of 2008. Literature documents the impact 
of illiquidity on corporate bond prices and 
observes a negative relationship between 
credit rating and liquidity.1 Bonds with a 
lower rating have a higher illiquidity pre-
mium. Underlying this analysis of the impact 
of liquidity on yield spreads is the idea that 
the degree of liquidity of bonds in the same 
credit category is homogeneous. Silvers 
(1973) notes that liquidity (“marketability”) 
tends to be homogeneous for bonds within 
a given credit rating category while varying 
between categories. However, liquidity 
is a rather vague and complex concept. It 
may be described in terms of multiple and 
nonindependent attributes, such as trading 
speed, trading cost, trading quantity, and 
price impact. It is important, therefore, to 
document the behavior of all the aspects of 
the concept of liquidity across credit ratings 

1 For instance, see Edwards, Harris, and 
Piwowar (2007); De Jong and Driessen (2012); Chen, 
Lesmond, and Wei (2007); Acharya, Amihud, and 
Bharath (2013); Bao, Pan, and Wang (2011); or Dick-
Nielsen, Feldhütter, and Lando (2012).

and to examine the real differences between 
credit ratings in terms of liquidity. This 
article aims at investigating the extent to 
which the dimensions of liquidity actually 
differ between credit rating categories.

Using sixteen (il)liquidity proxies, 
including traditional and microstructure-
based measures, calculated from all transac-
tions conducted with US corporate bonds 
from March 2012 through December 
2014, we examine the relationship between 
liquidity and the rating of each bond. There-
fore, we differ from prior empirical studies in 
the wide range of measures incorporated in 
the analysis and in the greater disaggregation 
of rating categories.

Given that the set of (il)liquidity proxies 
are calculated for individual bonds, we fur-
ther examine the relationship between credit 
ratings and liquidity at the bond level. Ana-
lyzing the descriptive statistics, the results do 
not show the gradual and progressive behavior 
that would be expected from liquidity when 
comparing bonds with different credit rat-
ings. We find that the seven rating categories 
could be grouped into four blocks depending 
on their liquidity, two blocks for investment-
grade bonds (AAA/AA and A/BBB) and two 
other blocks for speculative-grade bonds 
(BB/B and “CCC or below”).

In the main part of our analysis, we 
use standardized scores for each (il)liquidity 
proxy to allow a homogeneous aggregation 
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of proxies in dimensions and in a composite that 
measures global liquidity. In addition, we reduce sample 
size differences between different ratings by using daily 
observations per rating rather than per bond. We find 
the differences in the daily behavior of the composite 
of standardized scores by rating as statistically signifi-
cant in mean, median, and variance, for almost all cases. 
The increase in illiquidity when the rating worsens is 
clear. This result corroborates the hypothesis commonly 
adopted in the literature. However, in some cases, the 
differences between credit ratings for some statistics and 
liquidity dimensions are not significant. We can there-
fore conclude that the differences in terms of illiquidity 
between the different credit ratings are shown for all 
dimensions of liquidity, although not homogeneously.

LIQUIDITY DIMENSIONS AND MEASURES

Aspects of Liquidity

Liquidity may be described in terms of multiple 
and nonindependent attributes. Bernstein (1987) defines 
a liquid market as that in which market participants can 
trade large volumes of assets quickly and with minimal 
price impact on their prices or low transaction costs. 
This definition includes various elements such as trading 
speed, trading cost, trading quantity, price impact and, 
implicitly, number of investors.2 Oesterhelweg and 
Schiereck (1993) point out that all these attributes are 
susceptible to being instrumentalized through different 
dimensions of liquidity.

Sarr and Lybek (2002) state that a liquid market 
presents five different features, namely breadth (volume 
and number of orders at different prices), depth (number 
of orders around equilibrium prices), immediacy (speed 
at which orders are executed), resilience (capacity of the 
market to recover from unexpected events), and tight-
ness (level of transaction costs).3 Measuring all these fea-

2 According to Bernstein (1987), a liquid and efficient market 
is required to exhibit not only large volumes, low transaction costs, 
large trading speed, and low price impact, but also a large number 
of active investors willing to buy and sell at the desired prices. 

3 Some prior literature identifies four different facets, namely, 
tightness, depth, resilience, and immediacy (e.g., Black 1971, Grossman 
and Miller 1988, and Harris 1990). Contrary, other authors consider 
only three main dimensions of liquidity that correspond to tight-
ness, depth, and resilience (e.g., Garbade 1982, Kyle 1985, and Holden 
1990), or those of breadth, depth, and resilience (e.g., Bernstein 1987). 
This discrepancy exists mainly because these last authors implicitly 

tures is not a simple task since they depend on numerous 
factors, such as the size, the moment, or the place of the 
negotiation, and since several market frictions exist.

Although prior dimensions differ in their nature, 
they are not independent and some of them turn out 
to be interrelated (e.g., Goyenko, Holden, and Trzinka 
2009). It is therefore desirable and necessary to have 
liquidity measures capable of addressing each of these 
dimensions and which, taken together, allow us to obtain 
a complete picture of the complex concept of liquidity.

Liquidity Measures

The literature on liquidity develops and imple-
ments several liquidity measures and proxies that attempt 
to ref lect the different characteristics of liquidity. How-
ever, there is no consensus on which measure of liquidity 
to use to capture each dimension or whether it is neces-
sary to examine all dimensions to measure the liquidity 
of an asset. Existing liquidity measures and proxies are 
based on one or more variables, such as price, volume, 
yields, bid/ask spreads, or time, and ref lect at least one of 
the dimensions.4 Financial industry also proposes proxies 
that consider other variables such as the option-adjusted 
spread duration.5

In this article we select a comprehensive set of 
(il)liquidity proxies that measure the five dimensions. 
These proxies are among the most commonly referenced 
in the empirical literature and are easily calculated from 
publicly available databases. Exhibit 1 summarizes our 
selection of proxies, indicating the expression and sta-
tistical procedure used to properly calculate each mea-
sure.6 First, to account for breadth, we select the range 

assume that immediacy is not a dimension itself but given in auto-
mated markets (Schwartz 1988).

4 Von Wyss (2004) distinguishes between one-dimensional 
measures, that is, those measures that take into account only one 
variable, and multidimensional measures, that is, measures that 
include more than one different variable to their computation.

5 Konstaninovsky, Ng, and Phelps (2016) describe the liquidity 
cost score as a bond-level liquidity measure that Barclays has been 
using since 2009. This illiquidity proxy is based on bid–ask spreads 
from Barclays traders. 

6 Liquidity measures and proxies differ in the frequency of 
the data that they use for their computation. Liquidity measures 
require high-frequency, trade, and/or quote data to be accurately 
computed, while liquidity proxies can be properly computed from 
low-frequency data. We adapt when necessary the computational 
procedures to correctly compute each one of the selected measures.
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E X H I B I T  1
Liquidity Measures and Proxies

(continued)

Liquidity
Measure/Proxy

Range Measure
(RG)

Hui-Heubel (HH)

Amihud (AH)

Gamma (GA)

Huang (HU)

Trading
Volume (TV)

Number of
Trades (NT)

Amivest (AV)

Market Share
(MS)

Turnover (TU)

Interquartile
Range (IR)

Roll (RO)

Price Dispersion
(PD)

Imputed
Round-Trip
Cost (IRC)

Computation Procedure

Daily, from maximum and minimum prices of a bond over
a day, its average price and its volume traded over the day.
Only defined on days with at least two trades.

Daily, from maximum and minimum prices of a bond
over a day to turnover. Only defined on days with at
least two trades.

Daily, from absolute returns of consecutive transactions
 and their volumes. Only defined on days with at least two

trades, and for trades with positive trading volume.

Daily, from at least ten consecutive pairs of price changes
with a difference of no more than one week between them.
Only computed on days with at least one trade.

Daily, from the sum of the differences between the midpoint
of the best bid and offer at trading of a bond and its next
midpoint. It distinguishes between buys and sales and
requires at least two trades.

Daily, from the sum of all the volume traded of a bond
over a day.

Daily, from the sum of all the trades of a bond over a day.

Daily, from absolute returns of consecutive transactions
 and their trading volumes. Only defined on days with at

least two trades, for trades with positive trading volume,
 and for trades with non-zero returns.

Daily, from all the volume traded of a bond over a day andnn
the whole trading volume of the market on that day.

Daily, from all the volume traded of a bond over a day andnn
its amount outstanding.

Daily, from the value of the75th percentile of the price of
a bond over a day, and its value on the 25th percentile.
Only defined on days with at least two trades.

Daily, over a horizon of 60 days and a minimum of eight
pairs of price changes. Only defined when the covariance
is negative, and only computed on days with at least one
trade.

Daily, from the difference between the price and thehh
midpoint of all trades over a day, and the volume traded
by all trades. Only defined on days with at least
two trades.

Daily, from maximum and minimum prices of a bond over
a day. Only defined on days with at least two trades.

Expression

Pmaxt – Pmint t ×100
Pt

TVtV
RGt =

LRt =

Pmaxt – Pmint t

Pmint

TNtN

AVtV =
TVtV ,k

1 |rt,k|Dt∑Kt k=1

γtγγ = –covt (ΔpΔ t, ΔpΔ t+1)

2(ln (mk+5kk ) – (ln (mk))kk

2(ln (mk) – (lnkk (mk+5kk ))

HkHH

{ if k-th is a buykk
if k-th is a sellkk=

TVtV ,kTVtV =
n∑
k=1

Kt,k
Kt =

ktk∑
k=1

AVtV =
TVtV ,k1
|rt,k|

Dt∑Kt k=1

TVtV
TTVtV

MStS =

TVtV
AmOut

TNtN =

×100IQRQQ t =
pk

75th – pt
25th

pt

Rollt = 2√√ –cov(ΔpΔ t , ΔpΔ t–1)

PDt =
1

(p(( k – k mk)kk
2 TVtV ,k∑TVtV ,k

ktk∑ k=1

ktk

k=1

Pmaxt – Pmint t

Pmaxt

IRCtC =
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measure (RG) proposed by Downing, Underwood, and 
Xing (2005), the liquidity ratio (HH) proposed by Hui 
and Heubel (1984), and the measure (AH) proposed by 
Amihud (2002). These price-based measures are useful 
to assess the degree of breadth of a market given that col-
lect the price concessions that market participants could 
suffer in regard to the trading volume at different prices.

Second, we consider the proxies of the Amivest 
ratio (AV) from Cooper, Groth, and Avera (1985), 
trading volume (TV), market share (MS), turnover 
(TU), and number of trades (NT) to measure the market 
depth. Most of them are volume-based measures and are 
therefore able to capture the number of orders around 
equilibrium prices.

Third, to explain immediacy, we include the Huang 
measure (HU) proposed by Huang and Stoll (1996). This 
measure is based on the difference between the midpoint 
of the best bid and offer of two consecutives trades. The 
low values of HU indicate that trades are executed with 
narrow bid–ask spreads and in a short period of time, 
which implies a high immediacy.

Fourth, we include the interquartile range (IR), 
and the Gamma (GA) from Bao, Pan, and Wang (2011) 
to measure market resilience. These price-based measures 
can capture the ability of the market to recover from 
unexpected shocks in prices.

Finally, to capture the market tightness, we con-
sider f ive illiquidity proxies. On the one hand, we 

calculate three price-based measures: the measure of 
Roll (1984) (RO), the price dispersion (PD) proposed by 
Jankowitsch, Nashikkar, and Subrahmanyam (2011), and 
the imputed round-trip costs (IRC) measure by Dick-
Nielsen, Feldhütter, and Lando (2012). On the other 
hand, we compute two bid–ask spread-based measures: 
the effective spread (ES) and the quoted spread (QS).

HYPOTHESIS

Previous empirical literature shows that liquidity 
varies substantially between different credit rating 
categories but remains relatively constant within the 
same rating category. The worse the credit rating of a 
bond, the lower its liquidity. In other words, corporate 
bonds with a higher credit risk are more exposed to 
liquidity risk. Silvers’ (1973) classic article is one of the 
first articles to obtain evidence of homogeneity between 
groups of bonds with the same default risk and liquidity. 
The author comments, “Investors consider substantially all 
bonds in a rating category to be very similar with respect to 
“marketability” as well as default risk.” In addition, Silvers 
questions the appropriateness of Fisher’s (1959) use of 
the amount outstanding variable as a liquidity proxy. 
Fisher (1959) argues that bonds with a smaller size have 
a lower TV, a thinner market, and consequently a more 
uncertain market price. In contrast, Silvers (1973) points 
out that larger f irms tend to f loat larger bond issues 

E X H I B I T  1  (continued)
Liquidity Measures and Proxies

Notes: This exhibit shows the expressions and calculation procedures for each measure included. They are calculated on a day-by-day basis per bond. 
Some of them require to be adapted since they have been initially designed for stock markets where quotation is continuous. The legend is the following: 
Pmaxt (Pmint) is the maximum (minimum) trading price over k trades on day t; pt is the average price on day t; TNt is the turnover of the bond on day t; 
TVt (TVt,k) is the dollar volume traded over day t (on the k-th trade on day t); TTVt is the total dollar volume traded in the whole market over day t; Kt is 
the number of trades on day t; |rk,t| is the absolute return of the k-th trade on day t; AmOut is the dollar volume amount outstanding; pk is the price of the 
k-th trade; mk is the midpoint of the best bid and offer at the moment of the k-th trade; pk+5 and mk+5 are the price of the k + 1-th trade and the midpoint 
of the best bid and offer of the k + 1-th trade, respectively; 75pt

th  ( 25p(( t
th) is the value of the 75th (25th) percentile on day t;Δpt (Δpt–1) refers to the change in 

prices from day t − 1 to day t ( from day t − 2 to day t − 1), where the daily price is estimated as the volume-weighted average price; Askt (Bidt) is the best 
ask (bid) quote over k trades on day t.

Liquidity
Measure/Proxy

Effective
Spread (ES)

Quoted Spread
(QS)

Computation Procedure

Daily, from the sum of the differences between prices and
midpoints of all trades. Only defined on days with at least
two trades.

Daily, from the difference between the best Ask and Bid
prices of a bond on a day, and the average between them.
Only defined on days with at least two trades.

ESkS =k 2 · |ln(p(( k) – lnkk (mk)|kk

Asktk  – Bidt

2
Asktk + Bidt

QStS =

Expression
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and concurrently also have lower rates of default. In the 
same vein, Helwege, Huang, and Wang (2014) cast 
doubts about the performance of some liquidity proxies 
when matched pairs of homogeneous corporate bonds 
are examined.

Most articles assume in their analysis that the 
bonds in each credit rating category are homogeneous. 
Some authors refer to a nondefault component in yield 
spread that increases as the rating of investment-grade 
bonds worsens (e.g., Edwards, Harris, and Piwowar 
2007; Blanco, Brennan, and Marsh 2005; Longstaff, 
Mithal, and Neis 2005; Han and Zhou 2016). Other 
most recent articles obtain evidence of lower liquidity 
for speculative-grade bonds as well as a stronger reaction 
to changes in liquidity (e.g., Chen, Lesmond, and Wei 
2007; Acharya, Amihud, and Bharath 2013; Friewald, 
Jankowitsch, and Subrahmanyam 2012). In the case of 
investment-grade bonds, Bao, Pan, and Wang (2011) and 
Dick-Nielsen, Feldhütter, and Lando (2012) highlight 
that changes in illiquidity at the market level explain, 
especially after the onset of the crisis, a substantial part 
of the yield spreads, overshadowing the credit risk com-
ponent. The liquidity component becomes larger as the 
rating quality of the bond decreases. In the case of the 
European corporate bond market, De Jong and Driessen 
(2012) also find that bonds with lower rating and longer 
maturities have higher illiquidity premium.

Furthermore, we assume a positive relationship 
between credit rating and liquidity. This should imply 
that AAA rated bonds are more liquid than AA bonds, 
that AA bonds are more liquid than A bonds, and so 
on. We examine the ability of a broad set of (il)liquidity 
proxies to capture liquidity differences between credit 
rating categories. The main categories along with invest-
ment-grade and speculative-grade rating classes are 
analyzed. We consider traditional, low-frequency, and 
high-frequency measures. We studied whether all the 
computed liquidity proxies show statistical differences 
in their main statistics between rating categories. In 
addition, we analyze whether this differential behavior 
between rating categories is also maintained for all the 
liquidity dimensions.

DATA

We employ two main sources of data that cover 
the period from March 1, 2012 to December 31, 2014: 
the trade reporting and compliance engine (TRACE) 

database and the fixed income securities database (FISD). 
The beginning of our sample period is limited to the 
time TRACE begins reporting information about the 
direction of the trade, that is, buy, sell, or interdealer 
transaction. Therefore, we obtain trading informa-
tion of the issues traded, such as TV, trading price, and 
direction. This information is required to compute some 
high-frequency illiquidity measures. From the second 
data set, we obtain bond-level information, such as the 
credit rating and the issue covenants.

The f iltering and debugging process uses the 
algorithms and procedures proposed by Dick-Nielsen 
(2009).7 We consider straight bonds exclusively, so we 
exclude all zero-coupon bonds, variable coupon bonds, 
bonds that are part of a unit deal, TIPS, STRIPS, and 
perpetual, putable, callable, tendered, preferred, con-
vertible or exchangeable bonds. Our sample includes 
2,634,194 transactions from 4,131 different bonds, 
involving 484 issuers, and covering 742 working days.8

EMPIRICAL ANALYSIS

Analysis at the Bond Level

In this section we empirically study whether 
liquidity, according to different liquidity measures that 
account for different dimensions, is related to the credit 
rating categories in the US corporate bond market. We 
assume that a better credit rating means not only less 
default risk, but also more liquidity. We also analyze 
the extent to which the different dimensions of liquidity 
ref lect the progressive deterioration of liquidity as credit 
quality worsens. Therefore, the analysis is performed for 
liquidity as a whole and distinguished by dimension. 
We consider seven main credit rating categories, that 
is, AAA, AA, A, and BBB for investment-grade bonds 
and BB, B, and “CCC or below” for speculative-grade 
bonds.

To that purpose, we calculate the sixteen daily (il)
liquidity proxies discussed above at the bond level, which 

7 Dick-Nielsen (2009) shows that TRACE contains almost 
7.7% of the errors among total reports. Edwards, Harris, and 
Piwowar (2007) and Dick-Nielsen (2009) show that many errors 
are due to later corrected or canceled transactions.

8 We use the rating maintained by each bond at the time of 
trading. Therefore, it may be the case that a bond appears in dif-
ferent categories if it has been upgraded or downgraded during the 
sample period.
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address the five dimensions of liquidity. Most liquidity 
measures are initially computed trade-by-trade for each 
bond, but all of them are aggregated per bond on a 
daily basis. For some proxies to be calculated, certain 
requirements must be met regarding the transactions 
carried out on that day or in a window of previous days. 
Thus, the number of daily observations varies between 
236,743 for some proxies (the HU is calculated only for 
days with at least two transactions at different prices) 
and 584,853 for others (some proxies can be calculated 
from only one trade). To homogenize, we consider only 
daily observations of those bonds for which we can cal-
culate the sixteen proxies. Thus, we reduce the different 
samples for each proxy to a single common sample for 
all proxies that includes 191,203 daily observations. To 
avoid the incidence of possible anomalies by extreme 
values, we winsorize the 1% highest values of every (il)
liquidity proxy, which means that all values above the 
99% percentile are set to the 99% percentile.

Exhibit 2 provides descriptive statistics for the 
sixteen (il)liquidity proxies in the common sample. As 
for the composition of the sample, Exhibit 3 shows the 
number of observations next to each rating category. 
Sixty percent of the observations come from AA bond 
trading (114,945 of the 191,203 observations). The AAA 
and A bonds each reach 13%, and the weight of the 
remaining ratings decreases as credit quality worsens. 
In fact, only 412 observations are available from bonds 
“CCC or below.” The restriction of requiring a min-
imum of liquidity to consider the observation, that is, 
that we can calculate the sixteen proxies for the bond 
on that day, clearly shows the large overall liquidity dif-
ference between the credit rating categories.

At f irst glance, the (il)liquidity proxies seem to 
follow roughly the expected pattern. In general, the 
different statistics ref lect the direction of the expected 
relationship between credit ratings and liquidity mea-
sures. Specifically, the proxies of illiquidity, included 
in dimensions breadth, immediacy, resilience, and tightness, 
show lower values in terms of mean, median, and stan-
dard deviation for the best ratings. The opposite is true 
of the liquidity measures included in the depth dimen-
sion. The proxies that provide statistics most in line with 
our initial hypothesis are those of HU, GA, and RO. 
We observe an unexpected behavior only for the turn-
over (TU). The TU is the trading volume of the bond 
during the day divided by the amount outstanding of the 
issue. However, TV and MS, which are the bond trading 
volume and the trading volume of the bond in relation 

to the total trading volume of the market during the 
day, behave accordingly. Thus, it seems that the larger 
size of the issues with better rating can have a significant 
impact on this behavior of the TU.9

We highlight the fact that, comparing the values 
of the mean, the standard deviation, the median, and 
even the difference between the 95th and 5th percentiles 
for the seven credit ratings, the different (il)liquidity 
proxies do not show the expected progressive and 
gradual behavior between the different credit ratings. 
In all cases we observe that the (il)liquidity proxies, in 
individual terms or grouped by dimensions, show that 
the liquidity of the AAA and AA ratings is quite sim-
ilar. In many cases, the liquidity of AA bonds is slightly 
higher than that of AAA bonds. The same similarity is 
observed between A and BBB categories, and between 
BB and B categories. For their part, the statistics for 
rating “CCC or below” are far from all the others. This 
result suggests that in each of the two main credit rating 
classes there are two blocks of categories in aggregate 
terms of liquidity. A distinction could be made between 
the AAA/AA and A/BBB blocks for investment-grade 
bonds and between the BB/B and “CCC or below” 
blocks in the case of speculative-grade bonds.

To obtain more evidence in favor of these blocks, 
we rank the seven credit ratings by proxy and statistic 
(mean, median, standard deviation, and interpercentile 
range). For each statistic, we assign 1 to the credit rating 
with the least liquidity, 2 to the next, and so on.10 In 
terms of the mean value, if we group by the five dimen-
sions, we obtain the following positions: 6.1, 6.4, 4.5, 
4.2, 2.9, 2.5, and 1.2 for AAA, AA, A, BBB, BB, and 
“CCC or below” bonds, respectively. Similar rankings 
are obtained for the median, standard deviation, and 
interpercentile range (difference of the 95th – 5th per-
centiles). In this way, we obtain the same grouping in 
blocks: AAA/AA, A/BBB, BB/B, and “CCC or below.”

Analysis at the Credit Rating Level

This section statistically analyzes liquidity discrep-
ancies between credit ratings. We assume that the lower 

9 In fact, the average amount outstanding in millions of dol-
lars per rating is 1.26 (AAA), 1.23 (AA), 0.82 (A), 0.83 (BBB), 0.68 
(BB), 0.60 (B), and 0.21 (CCC or lower).

10 For the sake of brevity, the exhibit with the rankings by 
statistic is omitted. The complete set of results can be obtained from 
the authors upon request.
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the credit rating, the greater the illiquidity. Therefore, 
we formally test for equality of means, medians, and 
variances of contiguous credit rating pairs. For this pur-
pose, we need our sample to be as homogeneous as pos-
sible. Two drawbacks of the descriptive analysis carried 

out in the previous section are overcome: the different 
number of observations depending on the credit rating 
and the large differences in terms of dispersion.

First, the number of observations used in Exhibit 2 
varies substantially between credit rating. Thus, we have 

E X H I B I T  2
Descriptive Statistics by Credit Rating Category

(continued)
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114,945 observations with proxies computed from the 
daily trading of AA bonds and only 412 of CCC bonds. 
In this section, we calculate the average daily value of 
each (il)liquidity proxy per credit rating. In other words, 
among all bonds with the same credit rating that trade 
on a calendar day, we calculate the arithmetic mean of 
each measure. In this way and given that the sample 
period includes 742 working days, the daily sample 
reaches a maximum of this number of observations for 
the ratings with the most liquid bonds.11

Second, both volatility and interpercentile range 
shown by the different proxies are very disparate (see 
Exhibit 1). The maximum standard deviation for all 
credit ratings in the case of the proxy HH is 0.086, while 
it reaches 3,344.6 for the proxy AV. To homogenize 
the f luctuation range of the variables and facilitate the 
comparison, we work with standardized scores, meaning 

11 The category “CCC or below” includes only 345 days since 
in many days of the sample period the illiquidity proxies cannot be 
computed for any bond of that rating.

that individual proxies are standardized with respect to 
their historical mean and standard deviation. As a result, 
we reduce granularity and soften the peculiarities of 
each proxy.

The standardized scores are easily aggregated by 
liquidity dimension and also into a single score for the 
sixteen (il)liquidity proxies. Since the proxies included 
in dimensions breadth, immediacy, resilience, and tightness 
measure illiquidity and those in the dimension depth 
measure liquidity, we change the sign of the latter 
liquidity proxies. Thus, the aggregated standardized 
score for each credit rating measures illiquidity.

Exhibit 3 shows a simple illustration of the illi-
quidity standardized scores added by credit rating and 
assuming normality. Since these scores denote illi-
quidity, the positions to the right of the chart indicate 
greater bond illiquidity. The best-rated bonds, that is, 
AAA and AA bonds, show the most leptokurtic distri-
butions with means around zero and similar standard 
deviations. On the contrary, CCC bonds have a more 
platykurtic distribution, with a high standard deviation 

E X H I B I T  2  (continued)
Descriptive Statistics by Credit Rating Category

Notes: This exhibit shows the main statistics for each (il)liquidity measure according to the credit rating category of bonds traded. RG, HH, AH, AV, TV, 
MS, TU, NT, HU, IR, GA, RO, PD, IRC, ES, and QS represent the range, Hui–Heubel, Amihud, Amivest, trading volume, market share, turn-
over, number of trades, Huang, interquartile range, gamma, Roll, price dispersion, imputed round-trip cost, effective spread, and quoted spread measures, 
respectively. For easy interpretation, those values of RG, AH, and TV have been multiplied by 106, values of AV have been divided by 106, and those of 
HU, IR, GA, RO, IRC, ES, and QS have been multiplied by 103. Also, values of MS are expressed in percentage. Data related to bond rating catego-
ries are obtained from the FISD, whereas the trading data have been obtained from the TRACE database. The sample covers the period from March 1, 
2012 to December 31, 2014.
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and a mean far from zero. The rating scores seem to 
reproduce the grouping of ratings into four blocks based 
on their illiquidity, which was already observed in the 
previous section.

To formally test statistically significant liquidity 
differences between contiguous credit rating categories, 
we use equality tests of means, medians, and variances. 
As mentioned above, and unlike the daily sample per 
bond used in the previous section, in this analysis we use 
a daily sample for each rating. For some rating categories 
there are days on which it is not possible to calculate all 
the liquidity proxies of any bond; thus, the observations 
used in the tests for each pair of adjacent rating categories 
vary from one pair to another. In addition, we examine 
the global standardized score that collectively considers 
the sixteen illiquidity proxies.

A t-test is performed for the equality of means, 
the Wilcoxon–Mann–Whitney and Kruskall–Wallis 
tests for the equality of medians, and the Levene test 
for the equality of variances. The null hypothesis to be 
tested is that these statistics are equal for the illiquidity 
standardized score of each pair of ratings.

The left columns of Exhibit 4 show the mean, 
median, and variance of the measure of joint illiquidity 
for each credit rating. The standardized scores indicate 
the average illiquidity of each rating on each trading day. 
The statistics for the AAA and AA categories are almost 
identical. For all other categories and for all statistics, the 
increase in illiquidity when the rating worsens is clear.

The columns to the right of Exhibit 4 show the 
results of the equality tests. For all contiguous rating 
pairs, except for AAA and AA bonds, the null hypothesis 
is not accepted. We therefore obtain evidence for our 
composite of sixteen measures of illiquidity, including 
traditional, low-frequency, and high-frequency proxies, 
that there are statistically signif icant differences in 
liquidity between the different credit ratings. This result 
corroborates the hypothesis commonly adopted in the 
literature. At any rate, the mean equality test, one of 
the mean equality tests, and the variance equality test 
indicate that there are no significant differences in terms 
of liquidity between the AAA and AA credit rating cat-
egories. We also cannot reject the assumption of equal 
variances between BB and B bonds.

E X H I B I T  3
Illiquidity by Credit Rating Categories

Notes: This exhibit shows normal distributions of seven main credit rating categories. The distributions are obtained from the average and the standard 
deviation of the standardized scores aggregated from sixteen illiquidity proxies in each rating category. Data related with bond ratings are obtained from 
the FISD, whereas the trading data have been obtained from the TRACE database. The sample covers the period from March 1, 2012 to December 31, 
2014.
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Finally, equality tests also apply to standardized 
scores per liquidity dimension. That is, instead of using 
a composite that summarizes the sixteen measures of 
illiquidity, we use standardized scores disaggregated by 
each of the five dimensions of liquidity proposed in the 
literature. Exhibit 5 depicts the results of the equality 
tests per dimension.

In our analysis disaggregated by liquidity dimen-
sion, we observe that in most cases there are statistically 
significant differences in the behavior of the different 
credit ratings. However, the differences between catego-
ries for some dimensions are not significant. The ratings 
BB and B show statistically similar means, medians, and 
variances for the proxies of illiquidity corresponding 
to the dimensions of breadth (mean and median), depth 
(median), immediacy (variance), and tightness (variance). 
The nonsignificant differences between AAA and AA 
ratings that we observe for our composite of all mea-
sures of illiquidity are corroborated only in terms of 
variance and for the dimensions of resilience and tightness. 
Finally, the categories B and “CCC or below” have a 
similar behavior only in terms of immediacy. Therefore, 
we can conclude that the differences in terms of illi-
quidity between the credit ratings are not homogeneous 
for all dimensions of liquidity. The illiquidity proxies 

belonging to the dimensions resilience and tightness are 
probably the ones that most consistently capture the 
liquidity differences between the individual credit 
rating categories.

CONCLUSION

This article examines the relationship between 
liquidity and credit ratings in the US corporate 
bond market. Using sixteen of the most common 
(il)liquidity proxies and distinguishing between the 
f ive dimensions of liquidity, we f ind in the analysis 
at bond level that the seven major credit rating cat-
egories can be grouped into four blocks according 
to their aggregate liquidity: categories AAA/AA and 
A/BBB for investment-grade bonds, and categories 
BB/B and “CCC or below” in the case of speculative-
grade bonds.

An examination of the aggregate daily behavior 
of all bonds by rating reveals that liquidity differences 
between credit ratings are more pronounced than in 
the analysis at the bond level. We find statistically sig-
nif icant differences in terms of liquidity between all 
credit rating categories. We use standardized scores 
for each proxy and aggregate them into a composite 

E X H I B I T  4
Test Results for Daily Overall Illiquidity Differences between Adjacent Rating Categories

Notes: This exhibit shows the daily mean, median, and variance values computed from aggregated illiquidity values and several equality tests. Aggregated 
illiquidity values for each trading day are computed over the standardized scores of the sixteen (il)liquidity variables, allowing us a homogeneous aggrega-
tion of proxies in a composite that measures global illiquidity. The differences are analyzed between adjacent rating categories. ∗∗∗ indicates significance at 
the 1% level in a two-tailed test. Data related to bond rating category are obtained from the FISD, whereas the trading data have been obtained from the 
TRACE database. The sample covers the period from March 1, 2012 to December 31, 2014.
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E X H I B I T  5
Test Results for Daily Liquidity Dimension Differences between Adjacent Rating Categories

(continued)
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by liquidity dimension and a global composite for all 
dimensions. Differences in liquidity between credit 
ratings are not homogeneous when a distinction is 
made between the different dimensions of this concept. 
The dimensions that most clearly ref lect the liquidity 
differences between credit ratings are the resilience and 
tightness dimensions.
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E X H I B I T  5  (continued)
Test Results for Daily Liquidity Dimension Differences between Adjacent Rating Categories

Notes: This exhibit shows the daily mean, median, and variance values computed from aggregated illiquidity per dimension and several equality tests. 
It also shows the results of differences in daily mean, median, and variance values computed from aggregated values of liquidity dimensions. Daily aggregated 
illiquidity per dimension are computed over the standardized scores of the corresponding (il)liquidity variables included on each dimension, allowing us a 
homogeneous aggregation of proxies in dimensions. The differences are analyzed between adjacent rating categories. ∗∗∗, ∗∗, and ∗ indicate significance at 
the 1%, 5%, and 10% levels, respectively, in a two-tailed test. Data related to bond rating categories are obtained from the FISD, whereas the trading data 
have been obtained from the TRACE database. The sample covers the period from March 1, 2012 to December 31, 2014.
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The Federal Open Market Com-
mittee (FOMC) is the monetary 
policy body of the US Federal 
Reserve System. It holds eight 

regularly scheduled meetings each year, 
approximately one meeting every six weeks, 
with the meetings schedule announced ahead 
of time. In a recent article, Lucca and Moench 
(2015) showed that between 1994 and 2011 
the S&P 500 index increased by roughly 50 
basis points on average during a 24-hour 
window immediately prior to scheduled 
FOMC policy announcements. Since the 
performance was calculated between 2 p.m. 
on the day of the FOMC announcement, 
and 2 p.m. on the previous day (henceforth, 
referred to as the “pre-FOMC window”), 
the return could not have been seen as com-
pensation for risk as uncertainty regarding 
the Fed’s future policies had not yet been 
resolved.

The pre-FOMC announcement drift is 
best summarized in Exhibit 1, which displays 
the average cumulative returns on the S&P 
500 index on the three days that bracket the 
FOMC announcement day for the sample 
period from January 1998 to March 2011. 
The shaded area represents the 95% confi-
dence bands around the average cumula-
tive returns (black solid line). The dashed 
vertical line is set at the time of the FOMC 
announcement. The distance between the 
two horizontal line highlights the magnitude 

of the drift. The most interesting aspect of 
the graph is that this stock return is earned 
ahead of the announcement, and thus there 
is a disconnection between the time at which 
returns are earned and at which the monetary 
news is released.

The Lucca and Moench (2015) article 
attracted signif icant attention and spurred 
a f lurry of follow-up studies because the 
magnitude of the abnormal returns was not 
only statistically signif icant, but also large 
in economic terms.1 In fact, between 1994 
and 2011, the index performance during the 
pre-FOMC window accounted for about 
60% of the overall rise in US stock prices.2 
As a result, a simple trading strategy based 
on buying the index 24 hours prior to the 
FOMC monetary policy announcement and 
selling it right before the announcement 
would have resulted in an annualized Sharpe 

1 Some important studies include Azar and Lo 
(2016); Cieslak and Vissing-Jorgensen (2017); Cieslak, 
Morse, and Vissing-Jorgensen (2017); Brusa, Savor, 
and Wilson (2017); Bernile, Hu, and Tang (2016); 
Karnaukh (2017); and Kaul and Watanabe (2015).

2 Lucca and Moench (2015) start the sample 
period in September 1994, rather than January 1998, as 
we do in this article, by complementing the S&P 500 
futures prices available from Thomson Reuters Tick 
History with data from another data provider (i.e., 
www.tickdata.com). The results reported in this article 
are not affected by the starting date of the sample, as 
the average pre-FOMC drift is about the same whether 
the sample starts in 1994 or in 1998.
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ratio larger than one. Lucca and Moench (2015) also 
found that the pre-FOMC drift is evident across major 
international equity indexes, and they concluded that 
“the pre-FOMC announcement drift is a puzzle,” as 
none of the risk-based explanations could rationalize 
their empirical evidence.

In this article we extend the analysis of the pre-
FOMC drift in two respects, using 20 years of high- 
frequency intraday data. First, we look at equity markets 
performance during the pre-FOMC window out-of-
sample period (i.e., in the years following those included 
in Lucca and Moench 2015). US equity market perfor-
mance in the pre-FOMC window declined from 0.5% 
per FOMC meeting to about 0.1% out-of-sample and 
was no longer significant, with a similar decline observed 
in international equity markets. Following McLean and 
Pontiff (2016), we divided the period after the original 
sample to the post-sample (capturing the years after 
the original sample but before publication) and post-
publication periods. We find that the effect weakened 
significantly post-sample, rather than post-publication.

Second, if the preannouncement drift represented 
compensation for risk or alternatively ref lected infor-
mation leakage related to Federal Reserve actions, one 
would expect to see similar dynamics in other FOMC-
sensitive assets. Our results indicate, however, that the 
preannouncement drift did not extend to other asset 
classes, such as US nominal and real interest rates (US 
Treasuries and Treasury inf lation-protected securities), 
currencies ($/EUR, $/GBP, $/JPY, and $/CHF), pre-
cious metals (gold and silver), and commodities (oil, 
heating oil, and natural gas).

The rest of this article is organized as follows. We 
start by describing the data and proceed to present the 
empirical results of the out-of-sample analysis. We then 
discuss a number of potential explanations to ratio-
nalize the weakening of the pre-FOMC announce-
ment drift.

DATA

The data we employ in this study contain intraday 
asset prices for stock and volatility indexes, nominal and 
real interest rates, commodities, precious metals, and 
currencies, spanning the period from January 1998 to 
December 2017. The choice of the sample period ref lects 
data availability for a common sample period across all 
asset classes. The choice of the additional asset classes 

(beyond equities) is motivated by the existing literature 
showing they are strongly inf luenced by monetary 
policy.3

For equities and Treasuries, we compute price 
changes during sequential five-minute intervals on the 
E-mini S&P futures contracts, and the two- and 10-year 
Treasury note futures, all of which trade on the Chicago 
Mercantile Exchange’s Globex electronic trading plat-
form. The real yields consist of five-minute quotes of 
yields-to-maturity on the most recently issued “on-the-
run” five-year and 10-year Treasury inf lation-protected 
securities (TIPS). The commodities data are made up of 
futures data on light sweet crude oil (West Texas Inter-
mediate (WTI)), heating oil, and natural gas (Henry 
Hub), traded at the New York Mercantile Exchange. 
A continuous series is constructed by considering the 
front-month contract and rolling it over to the next 
contract on the expiration date. The Chicago Board 
Options Exchange volatility index, known by its ticker 
symbol VIX, ref lects the stock market’s expectation 
of volatility implied by S&P 500 index options for the 
front-month (i.e., the next monthly expiration date for 
the options) and is based on the weighted average of the 
implied volatilities for a wide range of strikes.

The precious metal prices comprise the gold 
and silver prices, both quoted in US dollars per troy 
ounce. With respect to currencies, the data consist of 
five-minute quote midpoints for the US dollar versus 
the euro (EUR), the British pound (GBP), the Japanese 
yen ( JPY), and the Swiss franc (CHF). Collectively these 
four pairs account for almost half of the turnover in for-
eign exchange markets globally (based on Bank of Inter-
national Settlements figures from 2016).4 Throughout 

3 For instance, Kuttner (2001) and Fleming and Piazzesi 
(2005) document that the Federal Reserve monetary policy has sta-
tistically significant and economically relevant effects on Treasury 
yields; Beechey and Wright (2009), on US index-linked bond yields; 
Fernandez-Perez, Frijns, and Tourani-Rad (2017), on the Chicago 
Board Options Exchange volatility index; Fatum and Scholnick 
(2008), on US dollar exchange rates; Rosa (2014), on energy prices, 
and Scrimgeour (2014), on precious metal and commodity prices. 
Lucca and Moench (2015) consider fixed income instruments, and 
Rosa (2016a) considers the euro–dollar exchange rate.

4 Although the use of market data may be preferred, the 
existing literature on exchange rates (for example, Danielsson and 
Payne, 2002, and Phylaktis and Chen, 2009) has documented that 
indicative data bear no qualitative difference from data on transac-
tion quotes. Hence, it is extremely unlikely that the results of this 
study are driven by the use of indicative quotes.
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the article, we measure exchange rates in units of the 
domestic currency needed to buy one unit of the foreign 
currency, so that a negative change implies an appre-
ciation of the US dollar. If no trade occurs in a given 
five-minute interval or no quote is available, we use 
the price or quote from the previous interval, as long as 
the previous price is quoted within the last 20 minutes.

The schedule of meetings for a particular year is 
announced ahead of time, and we use Bloomberg to 
obtain the precise timestamp of the release of FOMC 
statements.5

THE PRE-FOMC Anomaly

Post-Sample Dynamics

Roughly seven years of new data have become 
available since the end of the sample period covered 
in Lucca and Moench (2015). One primary test for the 
existence of an anomaly is its continued presence in the 
out-of-sample period. In particular, a risk-based expla-
nation to the pre-FOMC phenomenon would suggest 

5 The list of FOMC meeting dates is available on the Federal 
Reserve Board website (www.federalreserve.gov/monetarypolicy/
fomccalendars.htm).

that it should persist in the out-of-sample period, at 
least as long as there are no structural breaks in the risks 
that matter to investors. Exhibit 2 displays the average 
cumulative intraday returns on the S&P 500 index 
during a three-day window from market open on the 
day before to the day after FOMC meetings during the 
original sample period (i.e., January 1998 to March 2011, 
roughly similar to the sample period studied in Lucca and 
Moench 2015) and an “out-of-sample” period (i.e., April 
2011 to December 2017). By construction, the dark line 
(i.e., “original” sample) is the same as what is reported in 
Exhibit 1. The results indicate a striking contrast between 
the two periods: the pre-FOMC effect displays a clear 
upward trend in the original sample period, whereas the 
cumulative return on the S&P 500 in the out-of-sample 
period is essentially f lat and close to zero.

Given the limited number of observations in the 
out-of-sample period, one may be concerned about 
the potential effect of outliers on our results. Exhibit 3 
compares key statistics of the S&P 500 return distribu-
tion on pre-FOMC days during the original sample (in 
the f irst column) to those in the new sample (in the 
second column). The average stock return declined by 
a factor of four. We also looked at the empirical distri-
bution of stock returns during the pre-FOMC window 

E X H I B I T  1
S&P 500 Index Average Cumulative Returns on Days before, of, and after Scheduled FOMC Announcements

Notes: The sample is from January 1998 to March 2011. This exhibit displays the average cumulative returns (thick solid dark line) on the front-month 
E-mini S&P 500 futures prices on three-day windows, from market open on the day before to the day after FOMC meetings. The shaded area represents 
the 95% confidence bands around the average cumulative returns. The dashed vertical line is set at the time of the FOMC announcement. The gray vertical 
lines are placed at the end of the trading day. The distance between the two horizontal lines highlights the magnitude of the drift.
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(results available upon request), and only one negative 
observation lies outside the two standard deviation 
bands, with a value of −1.79% (and a contribution of 
only −0.04% to the overall mean). From September 1994 

to March 2011, FOMC statements were regularly released 
at about 2:15 p.m. ET following each scheduled meeting. 
Between April 2011 and January 2013, the time of the 
release varied between 12:30 p.m. (eight times) and 2:15 
p.m. (seven times). Since March 2013, the time of the 
release has always been at 2:00 p.m. ET. As a robustness 
check, we calculated cumulative returns on the S&P 500 
index excluding the FOMC days when the statement 
was released at 12:30 p.m. ET. The results reported in 
the third column of Exhibit 3 are very similar to those 
reported in the second column.

The analysis presented thus far relies on a chart 
and on descriptive statistics. To quantitatively assess the 
presence of abnormal returns, we proceed by estimating 
the following regression:

 = α + β + ε1( - )R pre FOMCt t  (1)

where the Rt stands for the return from 2 p.m. on 
date t − 1 to 2 p.m. on date t, and 1(pre-FOMC) is a 
dummy variable that equals one at 2 p.m. ET on sched-
uled FOMC days (approximately 15 minutes before the 
release of FOMC statements) and zero otherwise. The 
error term εt represents other factors that affect asset 
prices besides the pre-FOMC dummy. The coefficient 
α measures the unconditional average 24-hour return 

E X H I B I T  2
Pre-FOMC Announcement Drift: “Original” Sample vs. Out-of-Sample

Notes: The sample is January 1998 to March 2011 for the “original sample” and April 2011 to December 2017 for the “out-of-sample.” This exhibit 
displays the average cumulative returns on the front-month E-mini S&P 500 futures prices on three-day windows, from market open on the day before 
to the day after FOMC meetings for two sample periods. The gray vertical lines are placed at the end of the trading day. The black vertical line is set at 
2:15 p.m. ET, when FOMC statements are typically released in this sample period. 

E X H I B I T  3
Key Summary Statistics of S&P 500 Returns 
on Pre-FOMC Days by Period

Notes: The sample is January 1998 to March 2011 for the first column, 
and April 2011 to December 2017 for the second and third columns. 
The third column excludes the FOMC meeting days in which the statement 
was released at 12:30 p.m. ET. The exhibit reports the summary statistics 
for the percentage return on the front-month E-mini S&P 500 futures prices 
in the 24 hours ahead of the FOMC meeting (e.g., from 2 p.m. on the date 
before the FOMC meeting to 2 p.m. on the date of the meeting).
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earned outside the pre–Federal Reserve event window, 
whereas the coefficient β measures the 24-hour average 
return differential earned on pre–Federal Reserve event 
days compared with other days. If there is a pre-FOMC 
effect, then the coeff icient β should be positive and 
significantly different from zero.

The first column of Exhibit 4 reports the Ordinary 
Least Squares (OLS) estimation results for the S&P 500 
for the sample period January 1998 to March 2011. The 
intercept is small and insignif icant. In contrast, the 
24-hour S&P 500 return ending at 2 p.m. on the day of 
scheduled FOMC announcements has been on average 
55 basis points. This point estimate is very similar to 
the 0.49% reported in Lucca and Moench (2015) for 
the sample September 1994 to March 2011. A simple 
strategy of buying the S&P 500 at 2 p.m. the day before 
a scheduled FOMC announcement and selling it about 
15 minutes before the announcement and holding cash 
on all other days would have generated an annualized 
Sharpe ratio greater than one.

Out-of-sample performance is often deemed to 
be the “gold standard” of the evaluation of a theory. 
Nonetheless, in empirical asset pricing, poor out-of-
sample performance can be driven either by an effect 
that is linked to a specific sample period or by investors 
learning from, and especially reacting to, the publica-
tion of the study. To disentangle these two hypoth-
eses, we apply the McLean and Pontiff (2016) method 
and exploit the pre-FOMC drift performance during 
three different periods: (1) the original study’s sample 
period, (2) the period after the original sample but 
before publication, and (3) the post-publication period. 
Exhibit 5 illustrates the timeline of these three distinct 
periods.

More formally, we augment Equation 1 by two 
additional explanatory variables:

 

= α + β + β
× + β
× + ε

1 1

1 1

1

( - ) ( - )

( - ) ( - )

( - )

1 2

3

R pre FOMC pre FOMC

post sample pre FOMC

post pub

t

t  (2)

where 1(post-sample) takes value 1 after the end of the 
original sample and up to the publication of the article 
(i.e., from April 2011 to January 2015) and zero other-
wise, and 1(post-pub) takes value one after the publica-
tion of the article (i.e., from February 2015 to December 
2017), and zero otherwise. The rest of the notation is 

the same as in Equation 1. The coefficient β1 estimates 
the pre-FOMC announcement drift for the 1998–2011 
sample. The coefficient β2 estimates the impact of sta-
tistical biases (defined as a broad array of biases inherent 
to research), whereas the coeff icient β3 estimates the 
effects of statistical biases and of publication. If the effect 
is sample-specif ic, the coeff icients β2 and β3 should 
equal the negative of β1 (i.e., the average in-sample 
mean return). If the abnormal returns are the result of 
mispricing, investors reacting to it should correct the 
mispricing over time. In the extreme case of investors 
learning immediately after the publication of the article, 
the coefficients β2 should be statistically insignificant, 
and the coefficient β3 should equal the negative of β1. 
Finally, if the result is not sample-specific and published 
research has no impact on investment decisions, then 
both β2 and β3 should be zero.

The second column of Exhibit 4 reports the OLS 
estimation results, again using robust standard errors. 
The in-sample pre-FOMC effect is 0.53% and is highly 

E X H I B I T  4
Pre-FOMC Drift on Post-Sample and Post-
Publication Indicators: SPX Evidence

Notes: The sample is January 1998 to December 2017. The S&P 
500 stock return is from 2 p.m. on date t−1 to 2 p.m. on date t. The 
pre-FOMC dummy takes value one on pre-FOMC windows, and zero 
otherwise. The post-sample dummy takes value one from April 2011 
to January 2015, and zero otherwise. The post-publication dummy 
takes value one from February 2015 to December 2017, and zero 
otherwise. The econometric method for the first and second column is 
Ordinary Least Squares with heteroscedasticity and autocorrelation con-
sistent standard errors. The econometric method for the third column is 
median regression with robust standard errors. The superscripts ∗∗∗, ∗∗, 
and ∗ indicate statistical significance at the 1%, 5%, and 10% level, 
respectively.
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significant.6 The coefficients β2 and β3 are both negative 
and highly statistically significant. The out-of-sample 
pre-FOMC effect becomes 10 and 11 basis points in 
the pre- and post-publication period. At the bottom of 
Exhibit 4, we report the p-value of the test of whether the 
pre-FOMC drift in the pre- and post-publication period 
are equal (i.e., H0: S = P). The difference in the mag-
nitude of the coefficients β2 and β3 is not significant at 
any standard confidence level. This finding indicates that 
there is no discernible effect associated with the publica-
tion of the article. The bottom of Exhibit 4 tests whether 
the pre-FOMC drift disappears in the out-of-sample 
period. These tests cannot reject the null hypotheses 
that the pre-FOMC drift anomaly decays entirely in the 
post-sample period, either in the pre- or post-publication 
period (respectively, H0: S = −I and H0: P = −I).

Our results on the out-of-sample performance of 
the pre-FOMC drift are in stark contrast to the evi-
dence discussed in McLean and Pontiff (2016). These 
authors study the out-of-sample and post-publication 
return predictability of about 100 characteristics shown 
to predict stock returns and note that all studies uncov-
ering those anomalies have been published in peer-
reviewed finance, accounting, and economics journals. 
They find that on average the out-of-sample, but pre-
publication, return declines significantly by 26% and 
that the post-publication effect decays by an additional, 
and again significant, 32%. Hence, on average the in-
sample effect is significantly larger than the post-sample 
pre-publication effect, which in turn is signif icantly 

6 Note that to replicate the first column of Exhibit 4 with a 
pre-FOMC drift of 0.55% it is necessary to include in Equation (2) as 
an additional regressor the sum of 1(post-sample) and 1(post-pub). The 
smaller sample size of the out-of-sample analysis may reduce the power 
of the statistical test, though it should not affect the point estimates.

larger than the post-sample and post-publication effect. 
This post-publication effect remains, however, positive 
and signif icant, at about 42% of its in-sample value. 
Instead, the pre-FOMC drift disappears immediately 
and completely post-sample.

There are strong economic reasons for entertaining 
the possibility that the breakpoint occurs post-sample or 
post-publication. For this reason, we have considered 
the possible break date as known a priori. We also con-
duct a structural break analysis by allowing for multiple 
unknown breakpoints. The Bai and Perron (1998 and 
2003) test identifies November 2009 as the date of the 
structural break in the mean stock return.7 Hence, it 
corroborates the presence of a break at the end of the 
in-sample period.

As a robustness check, to analyze the effect of 
potential inf luential observations, we also estimate 
Equation 2 using a median regression, also known as 
a least absolute-deviations regression (Koenker and 
Bassett 1978). The estimation results are reported on 
the third column of Exhibit 4. Although the results for 
the in-sample period remain qualitatively similar, the 
median pre-FOMC effect is 0.32% and, thus, smaller 
than the average effect of 0.53% per meeting. As shown 
by Exhibit 3, one single FOMC meeting contributes 
roughly 0.1% to the average pre-FOMC effect. The 
weakening of the pre-FOMC drift post-2011 is not 
driven by outliers.8

7 The Bai–Perron test (of L + 1 vs. L sequentially determined 
breaks) employs the HAC covariance matrix and a symmetric trim-
ming of 15%, allows a maximum of f ive breaks, and uses a 5% 
significance level. The F-statistics for November 2009 equal 15.2, 
which exceeds the 5% critical value of 8.58.

8 As a further robustness check, we also test whether the effect 
takes place earlier than the day before the FOMC meeting, such as 

E X H I B I T  5
Original Sample vs. Out-of-Sample Pre- and Post-Publication
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The pre-FOMC drift is widespread across major 
international equity indexes for the 1994–2011 sample. 
As additional out-of-sample tests, we estimate Equation 2 
for major OECD stock indexes (i.e., the German DAX, 
the British FTSE100, the French CAC 40, the Spanish 
IBEX, the Swiss SMI, the Canadian TSX, and the Jap-
anese Nikkei 225). Most of these markets are closed 
around the release of the FOMC statement. For that 
reason, without much loss of precision, we use daily, 
rather than intraday, data. Because of the time zone 
differences, the close-to-close returns for European 
stock indexes never include FOMC announcements.9 
Exhibit 6 reports the OLS estimation results with robust 
standard errors. The pre-FOMC dummy is economi-
cally large and highly statistically significant in all coun-
tries except Japan. The point estimates range from 0.22% 
(for TSX) to 0.54% (for CAC 40) per FOMC meeting. 
Similar to the findings of Lucca and Moench, the coef-
ficient for Japan is close to zero. The novel feature of 
Exhibit 6, however, is our estimates of the effects of 
the post-sample and post-publication dummies. As can 
be seen in the exhibit, the pre-FOMC effect is much 

between 48 and 24 hours ahead of the announcement of the target 
rate decision. Estimation results indicate that the coeff icients of 
pre-FOMC dummy variables in the post-sample period are small 
and insignificant. Hence, the pre-FOMC drift has not taken place 
earlier after 2011 compared with the in-sample period.

9 The European stock markets close at about 11:30 a.m. ET, 
the Canadian market closes at 4 p.m. ET, and the Japanese market 
closes at about 4 a.m. ET.

weaker in the post-2011 period. As for the US, we test 
the null hypothesis of whether the pre-FOMC effect is 
the same in the post-sample pre- and post-publication 
period. The bottom part of Exhibit 6 shows that the 
null hypothesis that the publication of the article has 
no significant effect on the pre-FOMC drift anomaly 
(i.e., H0: S = P) cannot be rejected for any stock index. 
We also test whether the effect disappears completely in 
the out-of-sample period. For all stock indexes except 
the Nikkei index, we cannot reject at standard confi-
dence levels that the anomaly becomes indistinguishable 
from zero in the pre- and post-publication period. For 
the Japanese stock market, we find that the pre-FOMC 
drift becomes an anomaly only after the publication of 
the working paper. Of course, this result is difficult to 
reconcile with the idea that published research attracts 
arbitrageurs. All in all, the international evidence con-
firms the finding that the pre-FOMC announcement 
drift is much weaker post-2011.10

A key result of Lucca and Moench (2015) is that 
the pre-FOMC drift is widespread across US portfolios 
sorted by size and industry. Put differently, the pre-
FOMC drift is not driven by industry exposures and 
is not a consequence of overweighting microcaps, as is 
usually the case for the bulk of the published anomalies 
literature in f inance and accounting (Hou, Xue, and 

10 As a robustness check, we also estimate Equation 2 for 
international equity indexes using a median regression. The estima-
tion results (available upon request) remain qualitatively similar to 
those based on OLS and reported in Exhibit 6.

E X H I B I T  6
Pre-FOMC Drift on Post-Sample and Post-Publication Indicators: International Evidence

Notes: The sample is September 1994 to December 2017. The dependent variable is the daily close-to-close percentage return. The pre-FOMC dummy 
takes value one on pre-FOMC windows, and zero otherwise. The post-sample dummy takes value one from April 2011 to January 2015, and zero 
otherwise. The post-pub dummy takes value one from February 2015 to December 2017, and zero otherwise. The econometric method is Ordinary Least 
Squares with Heteroskedasticity and Autocorrelation Consistent standard errors. The superscripts ∗∗∗, ∗∗, and ∗ indicate statistical significance at the 1%, 
5%, and 10% level, respectively.
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Zhang 2018). We investigate to what extent the pre-
FOMC drift persists in the post-2011 sample period in 
the cross-sectional variation of US equity portfolios. 
Exhibit 7 estimates Equation 2 using OLS estimation 
results with robust standard errors. Panel A reports 
results based on portfolios formed on f irm size, and 
Panel B reports results based on 10 industry portfo-
lios. In both cases, portfolio returns are value-weighted 
and include all stocks quoted on NYSE, AMEX, and 
NASDAQ exchanges. Similar to Lucca and Moench 
(2015), given the limited availability of intraday data 
at the disaggregated level (about 4,000 stocks in 2017), 
we use close-to-close daily returns, which are a good 
proxy for the pre-FOMC drift in the cross-section of 
US stocks.

Starting with size deciles, we find evidence of large 
and statistically significant FOMC day returns across 
stock portfolios of firms with different market capitaliza-
tion for the 1994–2011 sample period. The effect displays 
a tent-shaped pattern that peaks for the fifth size decile 
portfolio at 0.49% per FOMC meeting day, whereas it is 
0.22% and 0.30% for the smallest and largest companies, 
respectively. The most interesting aspect is, however, 
that the pre-FOMC drift completely disappears in the 
post-sample period, and there is no significant effect 
associated with the publication of the article.

Turning our attention to industry portfolios, in 
line with Lucca and Moench (2015) results, we f ind 
that the majority of the 10 industry portfolios feature 
statistically significant returns on FOMC days for the 

E X H I B I T  7
Pre-FOMC Drift on Post-Sample and Post-Publication Indicators: Size and Industry Portfolio

Notes: The sample is September 1994 to December 2017. The dependent variable is daily stock returns for 10 size and industry equity portfolios. 
The 10 industry portfolios are based on the four-digit standard industrial classification (SIC). The 10 size portfolios are constructed at the end of each June 
using the June market equity and NYSE breakpoints and include all NYSE, AMEX, and NASDAQ stocks. For both the size and the industry port-
folios, returns are value weighted. Portfolio returns, as well as more details on the construction methodology, are provided in the Ken French data library 
website (http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html). The pre-FOMC dummy takes value one on FOMC days, and zero 
otherwise. The post-sample dummy takes value one from April 2011 to January 2015, and zero otherwise. The post-pub dummy takes value one from 
February 2015 to December 2017, and zero otherwise. The econometric method is Ordinary Least Squares with Heteroskedasticity and Autocorrelation 
Consistent standard errors. The superscripts ∗∗∗, ∗∗, and ∗ indicate statistical significance at the 1%, 5%, and 10% level, respectively.
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1994–2011 period. Financials feature the largest FOMC 
day returns, while noncyclical industries, such as nondu-
rables, telecommunications, and utilities, display smaller 
and insignificant FOMC day returns. We also find that 
the effect weakened significantly post-sample, rather 
than post-publication.

Evidence from Additional Asset Classes

There is no clear off-the-shelf risk-based expla-
nation of the pre-FOMC drift, as the stock return is 
earned ahead of the FOMC announcement and, hence, 
is not remuneration for bearing the risk associated with 
the monetary policy decision. Moreover, the Federal 
Reserve has a self-imposed guideline of abstaining from 
communication around policy meetings, the so-called 
blackout period.11 It might still be the case that the pre-

11 During the blackout period, Federal Reserve staff should 
refrain from expressing their views to the public about current 
or perspective monetary policy issues that have not already been 
cleared and widely disseminated. The blackout period currently 
begins the second Saturday preceding an FOMC meeting and ends 
the day following the release of the FOMC statement (Board of 
Governors 2017). Despite this rule, in a few limited cases, FOMC 
information has reached the public before its off icial release (see 
Cieslak, Morse, and Vissing-Jorgensen (2017) for a few anecdotes).

FOMC drift captures the compensation for bearing 
some type of monetary risk. Furthermore, the mere 
existence of the blackout period does not by itself rule 
out the possibility of an information leakage ahead of 
the FOMC meeting, and the pre-FOMC drift might 
still be at heart a monetary phenomenon. If either the 
risk-based or information leakage explanation holds, we 
would expect a similar drift in other FOMC-sensitive 
asset classes, such as Treasuries, exchange rates, and com-
modities. By extending the analysis to other asset classes, 
we also shed further light on the pervasiveness of the 
pre-FOMC drift.

Exhibit 8 reports the estimation results of 
Equation 2 by asset class for the sample period January 
1998 to December 2017. The dependent variable is daily 
returns and is based on intraday data from 2 p.m. on day 
t − 1 to 2 p.m. on day t. The VIX displays a negative pre-
FOMC drift, as it declines 1% in the 24-hour window 
ahead of the FOMC announcement, and the effect is 
significant at the 5% level. This finding complements 
the results by Fernandez-Perez, Frijns, and Tourani-Rad 
(2017), who document that the VIX decreases after the 
FOMC announcement, and this decline persists for about 
45 minutes after the announcement. Although economi-
cally large, the pre-FOMC drift is not present in the post-
sample, but pre-publication, period. Moreover, the effect 

E X H I B I T  8
Pre-FOMC Drift by Asset Class

Notes: The sample covers the period January 1998 to December 2017. The exhibit reports results from a regression of the daily returns (based on intraday 
data from 2 p.m. on date t−1 to 2 p.m. on date t) on a constant term and a dummy variable, which is equal to one immediately before FOMC meeting 
days, and zero otherwise. The pre-FOMC dummy takes value one on pre-FOMC windows, and zero otherwise. The post-sample dummy takes value one 
from April 2011 to January 2015, and zero otherwise. The post-pub dummy takes value one from February 2015 to December 2017, and zero otherwise. 
The dependent variable is the percentage change in stock prices or VIX, commodity prices, Treasury futures prices, US dollar bilateral exchange rates, and 
precious metal prices, or the change in the TIPS bond yields. The econometric method is Ordinary Least Squares with Heteroskedasticity and Autocorrela-
tion Consistent standard errors. The superscripts ∗∗∗, ∗∗, and ∗ indicate statistical significance at the 1%, 5%, and 10% level, respectively.
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disappears altogether in the post-2011 period when the 
median (robust) regression method is used. This addi-
tional evidence casts some doubts on the robustness of 
the in-sample finding. In contrast to what we found for 
equities (results reported in the first row; see Exhibit 4), 
the coefficient of the pre-FOMC drift for Treasuries is 
close to zero and statistically insignificant for nominal 
and for real bond yields. Hence, although one would 
expect to see a large effect on fixed income assets, as 
they are most affected by monetary policy, we do not 
find any support for such a relation.

In the case of currencies, the effect is marginally 
statistically significant at the 10% level for the $/EUR 
and $/GBP exchange rate pairs, but insignif icant for 
the $/JPY and the $/CHF. However, even for the euro 
and the British pound, the magnitude is economically 
small, at roughly 0.1%. For the Japanese yen, the negative 
point estimate indicates an appreciation of the US dollar, 
rather than depreciation of the domestic currency. For 
precious metals, the FOMC drift is insignificant for the 
in-sample period. For silver, there is a signif icant (at 
the 5% level) effect in the post-publication period. This 
f inding is at odds with the evidence for gold. More-
over, it disappears when the median regression, which 
by construction is robust to outliers, is used. For com-
modities, the FOMC drift is insignificant for WTI and 
heating oil, but significant at the 10% level for natural 
gas. The fact that the coefficients for WTI and heating 
oil have the opposite sign of the coefficient for natural 
gas indicates that the pre-FOMC drift is at best very 
weak for energy prices.

In sum, we extend the analysis of the pre-FOMC 
drift by investigating four FOMC-sensitive asset classes, 
for a total of 15 additional assets, and using 20 years of 
high-frequency intraday data. Our results indicate, how-
ever, that the preannouncement drift is specific to equities.

DISCUSSION OF RESULTS

In this section, we attempt to rationalize our 
empirical f indings about the weakening of the pre-
FOMC announcement drift with a number of potential 
explanations.

First, the FOMC has become more transparent 
over time, and this may lead to a lower risk premium 
for such events. More specif ically, since April 2011 
for four FOMC meetings each year, the chair holds a 
press conference, and answers questions from the press. 
In January 2012, the FOMC published a statement 

about its longer-run goals, and beginning in that month 
the economic projections have also included informa-
tion about policy makers’ projections of appropriate 
monetary policy. We note, however, that the drift is 
harvested before the monetary decision and, thus, is 
earned unconditionally of the announcement.

Second, Lucca and Moench (2015) discuss the pos-
sibility that the pre-FOMC drift may be related to market 
liquidity around FOMC announcements. Perhaps liquidity 
conditions have been “better” for the post-2011 sample. 
We note, however, that liquidity substantially decreases 
only a few minutes before the FOMC announcement, 
rather than during the 24 hours leading to it.12 Even 
assuming that an improvement in liquidity conditions has 
taken place in recent years, the size of the improvement 
of liquidity to explain the weakening of the pre-FOMC 
drift would have to be unrealistically large.

Third, the pre-FOMC drift still exists but is time 
varying. In other words, the effect could change with 
the environment, and monetary policy cycles may be a 
potential driver. In this respect, the period 2011 to 2017 
is characterized by a constant federal funds target rate at 
a range of zero to 25 basis points until December 2015, 
and then five policy rate increases of 25 basis points each. 
Put differently, the recent sample period has featured 
only monetary policy tightening. Since stock prices, and 
more generally asset prices, are forward-looking, they 
respond to monetary policy surprises, that is, the dif-
ference between what the central bank does and what 
market participants expect the central bank to do, rather 
than to actions, such as changes in the policy rate. The 
2011–2015 sample period featured large dovish monetary 
policy surprises, such as the forward guidance announce-
ment in August 2011, when the FOMC announced that 
“economic conditions … are likely to warrant excep-
tionally low levels of the funds rate at least through 
mid-2013.” During the 10-minute window around the 
release of the FOMC statement, the two-year Treasury 
rate declined more than 10 basis points.13 To investigate 

12 Rosa (2016b) examines market quality for the E-mini S&P 
500 futures around Federal Reserve announcements and shows that 
the bid–ask spread is significantly higher in the minutes preceding 
the release, but it returns to its “normal” (non-event day) level 
immediately after the release. Also, market depth behind the best 
bid and ask quotes is much lower on event days, hitting an intraday 
low immediately before the FOMC release at values on average 
about 20% of the level observed in control days.

13 Cieslak and Vissing-Jorgensen (2017) argue that the pre-
FOMC announcement drift and the alternating weekly pattern of 
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more formally the extent to which the financial market 
effects of the Federal Reserve monetary policy have 
differed pre- and post-2011, Exhibit 9 displays the daily 
interest rate changes in the three-month, two-year, and 
10-year Treasury yields on FOMC meeting days for the 
in-sample and out-of-sample period. The distributions of 
rate changes look quite similar pre- and post-2011. The 
major difference is that the change of the three-month 
Treasury bill rate on FOMC days was more dispersed 
pre-2011. This finding is not surprising given that the Fed 
funds rate hit the zero lower bound in December 2008 
and has remained at a range of zero to 25 basis points until 
December 2015. Even assuming that there is a relationship 
between changes in short-term interest rates on FOMC 
days and the magnitude of the drift, only a fraction of 
the decline in the drift could be accounted for by the 
decrease in the standard deviation of interest rate changes. 
Moreover, one would still have to rationalize the relation-
ship between monetary surprises (defined as unexpected 
changes to the Federal funds target and its future path) and 
the preannouncement drift from a theoretical perspective, 
as this relationship is economically very close to zero and 
not significant for the in-sample period.

Finally, if the pre-FOMC announcement drift is 
associated with monetary policy, a similar effect may 
exist for other monetary announcements.14 However, 

stock returns measured in FOMC cycle time are associated with the 
“Fed put,” that is, larger than expected monetary policy accom-
modation following stock market declines.

14 Savor and Wilson (2013) document that stock market 
average returns and Sharpe ratios are significantly higher on days 

existing research f inds that no comparable effect is 
present for other Federal Reserve communications 
(such as FOMC minutes or Federal Reserve officials’ 
speeches) or for other central banks (e.g., European 
Central Bank, Bank of Japan, and Bank of England) 
announcements.

The Federal Reserve issues a number of reg-
ular and more ad hoc communications. Rosa (2016a) 
constructs a new database of more than 2,200 time-
stamped Federal Reserve events and identif ies which 
events significantly affect US asset prices. Specifically, 
he shows that some Federal Reserve events, such as the 
release of FOMC statements and minutes, the chair-
man’s semiannual Monetary Policy Report to Con-
gress, and the chair’s speeches, significantly increase the 
volatility of US asset prices and their trading volume. 
However, only FOMC target rate decisions are asso-
ciated with positive and significant preannouncement 
abnormal stock returns. Of note, another important 
FOMC announcement that substantially moves the 
market, such as the release of the FOMC minutes, is 
associated with negative, though not statistically sig-
nificant, abnormal stock returns.

Perhaps the pre-FOMC drift is related only 
to target rate changes. As a matter of fact, monetary 
policy decisions exert the largest f inancial market 

when important macroeconomic news about inf lation, unemploy-
ment, or interest rates is scheduled for announcement. Lucca and 
Moench (2015) extend those findings by showing that the S&P 500 
index features abnormal returns only ahead of FOMC announce-
ments and not for other macroeconomic announcements.

E X H I B I T  9
Interest Rate Changes on FOMC Days

Notes: The sample is September 1994 to December 2017. The exhibit reports daily interest rate changes on FOMC meeting days, and “bps” stands 
for basis points.
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impact across all types of central bank announcements, 
for announcements made by the Federal Reserve as 
well as by other major central banks. Based on this 
evidence, Brusa, Savor, and Wilson (2017) investigate 
whether a preannouncement effect exists for other major 
central banks (i.e., European Central Bank, Bank of 
England, and Bank of Japan). They find no effect for 
announcements by non-US central banks, either on 
their home stock markets or on the US stock market. 
In contrast to their findings, in a recent article, Ulrich, 
Jakobs, May, and Landwehr (2017) document that for the 
2010–2015 period (but not for the 2000–2009 period), 
the 24h pre-ECB announcement premium is statistically 
significant and sizable for Euro Stoxx 50. The difference 
in the results between Brusa, Savor, and Wilson (2017) 
and Ulrich, Jakobs, May, and Landwehr (2017) resides 
in the different sample period (2010 to 2015 instead of 
1999 to 2016) and in the different frequency of the data 
(intraday instead of daily data).

CONCLUSIONS

Lucca and Moench (2015) document a large 
upward drift in US equity returns in a 24-hour window 
ahead of scheduled FOMC meetings for the 1994–2011 
sample period. This report performs a comprehensive 
out-of-sample analysis by examining whether this 
anomaly is present over time (i.e., after 2011) and across 
different asset classes. The post-publication equity 
return has declined from 0.5% per FOMC meeting to 
0.1%, and is no longer significant. In contrast to other 
anomalies, the pre-FOMC drift disappears immedi-
ately and completely post-sample. Furthermore, we 
f ind no such effect in any other asset class beyond 
equities. The existing evidence shows that the asso-
ciation between the pre-FOMC announcement and 
monetary policy is feeble at best, as it does not apply to 
any other type of Fed communications or to any other 
major central bank. Although the pre-FOMC drift has 
weakened signif icantly, incorporating the dynamics 
of this phenomenon in an investor’s trading strategies 
might still be relevant, especially when combined with 
other signals (as it has very low correlation with most 
existing strategies).
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The Relative Effectiveness of 
the Fed Funds Futures and the 
Federal Open Market Committee 
(FOMC) Dot Plots in Predicting 
the Future Federal Funds Rate
JOHN BURKE AND ANDREAS CHRISTOFI

In an attempt to provide greater transpar-
ency under Chairman Ben Bernanke, 
in 2012 the Federal Reserve began 
publishing the now widely followed 

“dot plots.” The dot plots have done a great 
deal toward making the views of Fed policy 
makers more transparent to the f inancial 
markets and presumably also have reduced 
the potential for unpleasant surprises. This 
relatively recent increase in Fed transpar-
ency provides a unique opportunity to study 
the predictive accuracy of the Federal Open 
Market Committee (FOMC) policy makers 
that actually set the Federal funds target 
rate, a bank-to-bank lending rate, relative 
to the collective wisdom of the f inancial 
markets as expressed through the Fed funds 
futures market. This article’s distinctive 
contribution to the literature stems from 
the fact that it uses these data to answer 
questions such as, Are dot plots helpful in 
forecasting the effective Federal funds rate 
by the markets? Does forecast accuracy 
decline with the length of the forecast, and 
if so by how much? Has FOMC forecast 
accuracy improved over time? Is there any 
bias in the forecasts? Answers to such ques-
tions are of vital interest to investors and 
regulators alike.

THE FEDERAL RESERVE 

“DOT PLOT”

The FOMC is the policy-making 
arm of the Federal Reserve that determines 
and implements monetary policy toward 
achieving the Fed’s dual mandate of long 
run price stability and sustainable economic 
growth. Four times each year, just prior to an 
FOMC meeting, the nineteen FOMC par-
ticipants (seven board governors when there 
are no vacancies and twelve Reserve Bank 
presidents representing the twelve Federal 
Reserve districts) submit projections for four 
key economic variables–real output growth, 
unemployment rate, overall inf lation rate, 
and core inf lation rate—and for short-term 
interest rates.1 The interest rate projections 
of each member are reported in a f igure 
coined by the Fed watchers as “dot plot.” 
These graphic year-end projections cover the 
current year-end and up to three additional 
years plus the participants’ assessment for the 
long run. According to Fed communiques, 

1 The FOMC holds eight regularly sched-
uled meetings during the year and other meetings 
as needed. However, in only four meetings does the 
Committee issue a Summary of Economic Projections, 
which includes the dot plots and a press conference 
by the chair. 
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the various dots on the graph represent each member’s 
assessment, without individual attribution, of the interest 
rate level appropriate to accomplish the Fed’s inf lation 
and employment objectives.2 Even though these dots 
are decentralized and divergent, the market’s view is 
that collectively, they represent the Fed’s best estimate 
of “appropriate” future interest rates. Therefore, the 
release of the dot plots by the Fed has become a widely 
anticipated event by financial market participants and 
the media and can have a significant inf luence on the 
financial markets upon its release.

Exhibit 1 shows the dot plot from the December 13, 
2017, FOMC meeting. Each dot represents a specific 
FOMC member’s best estimate of the midpoint of the 
Fed funds target rate at the corresponding year-end.

2 See, for example, B. Bernanke, “Federal Reserve Economic 
Projections: What Are They Good For?” https://www.brookings.edu/
blog/ben-bernanke/2016/11/28/federal-reserve-economic-
projections/.

Entering the December 13, 2017, meeting, the 
FOMC’s published Fed funds target rate was 1.00% to 
1.25%. It is apparent from the dot plot that 14 of the 16 
sitting governors expected the Fed to increase the Fed 
funds target range to 1.25% to 1.50% at that meeting, 
while two dissenting governors thought the rate would 
remain unchanged at 1.00% to 1.25%. Similarly, the 
median of the estimates for year-end 2018 was 2.125%, 
implying a Fed funds target range of 2.00% to 2.25%, 
or three quarter-point increases during 2018. For years 
2019 and 2020 the majority of the Fed governors pro-
jected rates above 2.5% and 3%, respectively. For the 
long run, 15 out of the 16 participants submitted esti-
mates with six of them putting the Federal funds rate at 
2.75% and another six at 3%.

FED FUND FUTURES CONTRACTS

Futures contracts on Fed funds began trading on 
the f loor of the Chicago Board of Trade in October 1988. 

E X H I B I T  1
FOMC Dot Plot, December 13, 2017

Source: Federal Reserve Board monetary policy files.
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They are used primarily by commercial banks to hedge 
their exposure to the cost of funding reserve require-
ments through the Fed funds market, which is the 
interest rate prevailing in the interbank market for over-
night reserves. The contracts trade actively on a monthly 
cycle, extending 36 calendar months into the future.3 
They are cash-settled at expiration at 100 minus the 
average daily Fed funds effective rate for the delivery 
month, as reported by the Federal Reserve Bank of 
New York. As of April 13, 2018, according to Bloom-
berg, aggregate open interest exceeded 2.3 million, and 
aggregate volume was approximately 286,000 contracts. 
With a contract size of $5 million, this yields a notional 
value of approximately $11.5 trillion in open contracts 
and over $1.4 trillion in value traded daily. Clearly this 
is a market in which price discovery happens continually 
and interested parties are able to transfer interest rate risk 
efficiently. This price-discovery mechanism serves as a 
collective marketplace insight regarding the future level 
of the Federal funds rate and the course of the Federal 
Reserve’s monetary policy. The next section summarizes 
some research studies that explored these issues.4

RELATED LITERATURE

Earlier studies have focused mostly on the eff i-
ciency and predictive accuracy of implied rates of Federal 
funds futures. Using data primarily from the early and 
mid-1990s, they find futures prices to be relatively accu-
rate, efficient predictors of the path of the funds rate as 
well as the Fed target rate.

An early study by Carlson et al. (1995) exam-
ined the predictive content of the Federal funds futures 
contracts for the period of 1989 to 1995 using one- to 
five-month ahead contracts. They postulated that “if 
they are to be instructive for policymakers, Fed funds 
futures rates should have some predictive content.” Their 
finding supported that claim; that is, they found evidence 
that the Federal futures markets were efficient in incor-
porating new information into the pricing of the ensuing 
Federal funds rate. In particular, the mean square error 
(MSE) for the Federal funds futures prediction was less 

3 The Chicago Board of Trade refers to them as thirty-day 
Federal funds futures.

4 See Owens and Webb (2001) and Keasler and Goff (2007) 
for a more detailed discussion of the Federal funds futures market.

than the two alternative models considered (naïve and 
univariate).

Krueger and Kuttner (1996) reported similar results. 
They found that, in general, the Federal funds futures 
market eff iciently incorporates virtually all publicly 
available quantitative information that can help forecast 
changes in the Federal funds rate. However, their results 
revealed a modest positive bias (premium). More specifi-
cally, the one-month futures rate exceeded the spot rate 
by six basis points and the two-month rate by twelve 
basis points. Their methodology employed several mac-
roeconomic indicators, lagged by one month, to fore-
cast the Federal funds futures rate one and two months 
ahead. Although a few of the indicators examined were 
statistically significant in within-sample rationality tests, 
these indicators yielded only marginal improvements in 
the accuracy of out-of-sample forecasts.

Robertson and Thornton (1997) explored the 
predictive ability of the Federal funds futures rate on 
Federal Reserve action for the period of October 1988 
to August 1997. Like Krueger and Kuttner, they also 
found a significant positive bias for the one-month and 
the two-month forecast. The authors conjectured that 
a potential source of this bias could be the effect of 
“settlement Wednesday,” when reserve maintenance 
takes place.5

Söderström (2001) showed that futures-based 
proxies for funds rate expectations have weak predictive 
power for the average funds rate using daily data but are 
more successful in predicting the average funds rate and 
the target funds rate around target changes and meet-
ings of the FOMC. The author also found a systematic 
bias in the futures-based expectations related to the last 
days of the month and, in particular, calendar months.

Owens and Webb (2001) used data covering the 
period March 1994 to January 2001 corresponding 
to each FOMC meeting, hence, resulting in eight 
observations per year. They used Federal funds futures 
rates 30 days in advance of FOMC meetings to gauge 
market participant’s views of the likelihood and magni-
tude of FOMC target rate changes. They found support 
for the unbiasedness hypothesis at the 5% level; that is, 
the futures market prices were unbiased predictors of 
target rate changes. They also found that in seventeen 

5 In a contemporaneous study, Hamilton (1997) documented 
the existence of a significant liquidity effect at the daily level on 
“settlement Wednesday.” 
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out of the eighteen times the FOMC changed its target 
rate, the predicted change had the same sign as the actual 
change; on the remaining occasion the predicted change 
was zero.

Nosal (2001) documented a bias in futures rates 
as predictors of future Federal funds rates related to the 
business cycle. He found that, on average, futures rates 
overpredict future Federal funds rates, and depending 
on whether Federal funds rates are falling or rising, the 
futures rate may consistently overestimate or underes-
timate the future Federal funds rates. A parallel study 
by Moore and Austin (2002) revealed substantial over-
shooting and undershooting by futures prices around 
turning points in the path of the funds rate.

It is apparent from the studies cited above that the 
Federal funds futures rates contain information about 
future effective Federal funds rates.6 Our study explores 
the accuracy of that information content as compared 
with the projections of the FOMC members depicted 
by the dot plots.

DESCRIPTION OF THE DATA 

AND METHODOLOGY

Dot plot data for the study were collected from 
Bloomberg for each FOMC meeting occurring from 
the f irst publication of the dot plot on January 25, 
2012, through the December 13, 2017, meeting. These 
comprise 1,363 individual forecasts across twenty-five 
FOMC meetings for eighty-two collective year-ends.7 
In addition, the closing prices of the December Fed 
funds futures contract corresponding to the forecast 
years in the dot plot were also collected as representa-
tive of the financial market forecast of the Fed funds 
target rate at each FOMC meeting. The final contract 
settlement values of the respective December Fed funds 
futures contracts are used as the actual observed Fed 
funds rate, which the forecasts attempt to predict. This 
corresponds to the average Fed funds effective rate 
realized for the month of December for each year in 

6 The fact that the Federal funds futures rates contain infor-
mation concerning the effective Federal funds rate motivated other 
researchers, for example, Bernanke and Kuttner (2005), Gurkaynak 
et al. (2005a, 2005b), and Wang et al. (2006), to investigate their 
effect on equities.

7 During 2012, which was the first year of the dot plots, the 
Fed published data for five periods: January, April, June, September, 
and December.

the study. Forecast pairs of dot plot estimates and the 
futures market estimates were excluded where there 
was either no Fed funds future available for the corre-
sponding year-end at the time of the FOMC meeting, 
or the actual year-end had not yet occurred (2018 on). 
This resulted in 63 completed forecast cycles, consisting 
of 1,092 dots across 25 FOMC meetings.

As the projections of the dot plots are without attri-
bution to any particular voting member, for each set of 
dot estimates we calculated the mean, the median, and the 
mode to determine which would provide a better forecast 
statistic. Since we are dealing with a small sample of data 
that does not follow a normal distribution, these three 
parameters are not the same, but have their own unique 
characteristics as measures of central tendency. The mean 
contains more information, but is also more susceptible 
to the inf luence of outliers. The median is more appro-
priate for skewed data than the mean, while the mode 
considers the consensus of at least a subgroup of FOMC 
members. However, if the highest frequency of a distribu-
tion is near either tail of the distribution, the mode loses 
its characteristic as a measure of central tendency. This 
actually occurred during one of the Fed meetings, where 
a small number of governors had considerably higher pro-
jections than the rest of the group, as we will see below. 
Each forecast; Fed dot mean, median, and mode; and Fed 
fund futures was then compared with the actual observed 
year-end monthly Fed funds effective rate to determine 
the respective forecast error for each method and period.

To determine which forecast does a better job in 
estimating the future Federal funds rate, we need to use 
an appropriate test. The conventional two-sample t-test 
requires, at a minimum, assumptions of normality and 
uncorrelated data. The data in Exhibit 2 show that the 
hypothesis of normality, based on the Kolmogorov–
Smirnov test, is rejected in all cases. In addition, based 
on the data of Exhibits 2 and 3, the data are autocor-
related and cross-correlated. A more appropriate test 
for comparing the accuracy of two forecasting methods 
is the Diebold and Mariano (1995) test (DM test). The 
DM test is applicable to multiperiod forecasts, as in our 
case, and forecast errors that are non-Gaussian, non-
zero-mean, serially correlated, and contemporaneously 
correlated.8 The key assumption for using the DM test 
is that the loss differential time series −,1

2
,2
2d e= ei ie i  is 

8 The DM test uses the variance and the autocovariance of 
the loss differential in comparing two forecasts.
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stationary. We performed the customary Dickey–Fuller 
test and verified that all loss differentials were stationary. 
However, even though we have the entire population of 
the available forecasts, we acknowledge the limitation of 
the conventional DM test in its tendency to reject the 
null hypothesis too often when applied to small samples.

ANALYSIS OF RESULTS

Given the preponderance of evidence, docu-
mented in the literature cited above, that Federal funds 

Assume two forecasts f i,1 and f i,2 and the difference of 
their corresponding squared errors from the actual value (loss 

differential), d e ei ie i,1
2

,2
2−e . We define: d

n
di

n
i

1
1= Σ1

=  and, for n > k ≥ 1, 

the autocovariance at lag k, γk, as

  ∑γ =
+

1
( )( )

1n
d d− d d−k i∑ +

(
1 i k−i k==

n

For a forecasting horizon h ≥ 1, the DM statistic is:

  =
γ Σ γ[ 2γ + ]/0 1Σ2+ 1

DM
d

nh
k

Harvey, Leybourne, and Newbold (HLN) (1997) argued that 
the DM test tends to reject the null hypothesis too often when 
applied to small samples and suggested a correction (distributed as 
∼T(n−1))as follows:

        −[ 1+ 2 ( )/ ]HLN D=LL M [ h h+ h n− 1)/

futures rates and their various estimates are biased 
estimators of future effective Federal funds rates, we 
would expect to see a serial correlation and a contem-
poraneous correlation in these data. Indeed, all series 
of errors exhibited signif icant cross-correlation (see 
Exhibit 3) and serial correlation at lag 3 (see Exhibit 2), 
consistent with the Federal funds rate forecasts for the 
three horizons (three consecutive years) of the FOMC 
dot plot releases.

As in previous research (e.g., Nosal 2001), all 
forecasts had a positive bias (see Exhibit 4 and Exhibits 

E X H I B I T  2
Descriptive Statistics

Note: ∗ p-value < 0.01. FFF = federal funds futures.

Dot Plots

Mean
Standard Error
Median
Mode
Standard Deviation
Sample Variance
Kurtosis
Skewness
Range
Minimum
Maximum
Sum
Count
Confidence Level (95.0%)
AR (3) (LBQ Statistic)
Kolmogorov–Smirnov Stat

Actual

63

0.445754
0.05608

0.24
0.1225

0.445121
0.198133
–0.10111
1.211128

1.215
0.085
1.3

28.0825

0.112102
0.67 (69.86)*

0.297*

FFF

0.644802
0.065867

0.535
0.115
0.5228
0.27332
–0.27812
0.878133
1.7725
0.0875
1.86

40.6225
63

0.131666
0.78 (42.17)*

0.158*

Median

0.956349
0.102654

0.75
0.25

0.814795
0.66389
0.235927
1.063763

3
0.125
3.125
60.25

63
0.205203

0.82 (48.42)*
0.188*

Mean

1.064193
0.099414
1.022059

0.25
0.789073
0.622636
0.165807
0.967379
3.058824

0.125
3.183824
67.04417

63
0.198725

0.81 (44.78)*
0.143*

Mode

0.873016
0.103173

0.5
0.25

0.818908
0.670611
2.212546
1.485107

3.75
0.125
3.875

55
63

0.206239
0.72 (37.85)*

0.221*

E X H I B I T  3
Pearson Correlations of the Federal Funds Futures 
and Dot Plot Forecast Errors
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12 to 17) ref lecting hawkish expectations with regard 
to the Fed’s tightening monetary policy. As rates 
were near zero for quite some time, the markets and 
the FOMC members were anticipating a rise in rates 
faster than actually occurred. Nevertheless, as shown 
in Exhibit 4, the bias by the markets was signif icantly 
smaller than that of the FOMC members. According 
to the average forecasting error, the sum of squares of 
error (SSE), and the root-mean-square error (RMSE) 
of this table, the indication is that the Federal funds 
futures are a better forecast of the ensuing effective 
rate than the dot plot projections. This conclusion is 
also evident in Exhibits 12 to 16. To confirm it, we 
use the DM test, which is more appropriate for our 
case since we have multiperiod forecasts with serial 
correlation and cross-correlation, as explained ear-
lier. Nevertheless, we also report the results of the 
usual t-statistic (Exhibit 5) for illustrative purposes. 

Adjusting for degrees of freedom, technically the two 
tests yield similar outcomes for a forecasting horizon 
of one period since they both use only the variance of 
the data. For multiperiod forecasts, the DM test adds 
the corresponding autocovariance to the variance to 
account for serial correlation in the data.

As shown in Exhibits 5 to 10, the DM test is applied 
using horizons of one to three periods, in line with the 
FOMC projections in the Fed dot plots. In all cases, the 
hypothesis of equal forecasting effectiveness is rejected in 
favor of the Federal funds futures, at a significance level 
much lower than 1%. The only exception to this conclu-
sion is Exhibit 6 for horizons of two and three periods. 
Apparently, during the meeting of September 17, 2014, 
three governors had projections of 3.875% (there was 
also one projection for 4%) for the December 31, 2016, 
rate. This skewed consensus ended up being the mode 

E X H I B I T  4
Forecast Error Statistics

E X H I B I T  5
t-Test: Two-Sample Assuming Unequal Variances

E X H I B I T  6
FFF vs. Dot Mode (all data)

E X H I B I T  7
FFF vs. Dot Mode (excluding meeting of 9/17/2014 
with projections for 12/31/2016)

E X H I B I T  8
FFF vs. Dot Median

E X H I B I T  9
FFF vs. Dot Mean

DM Test HLN Test

Order DM-Statistic HLN-StatisticP-ValuePP P–ValuePP
1 –5.1078 –5.06710.000000326 0.00000389
2 –4.8117 –4.77340.000001496 0.00001144
3 –4.6087 –4.645120.000004052 0.00001818
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and distorted the efficacy of the DM test (see Exhibit 16). 
After that observation is excluded, the results, as shown 
in Exhibit 7, are consistent with the remaining tables.

Analyzed in aggregate, it is clear from the above 
tables that the financial markets, as represented by the 
Fed fund futures, are much better forecasters of future 
Fed funds rates than the FOMC itself. To ensure that is 
a systematic result, we consider the comparison of these 
predictions by forecasting horizon. Each FOMC dot plot 
typically contains forecasts for the next three year-ends 
following that meeting (Year 0, Year 1, Year 2). Using 
the same methodology as above, we calculate the mean, 
median, and mode to aggregate the various forecasts 
into their respective temporal buckets. Exhibit 10 shows 
the average, standard error (SE), and MSE for the FFF 
forecast error and each of the four dot plot measures of 
central tendency. As in the aggregate data, it is clear that 
the Fed fund futures yield the better forecast across all 

time periods. This is verified from the data in Exhibit 11, 
which shows the results of the t-tests for the pairwise 
comparisons of the FFF and the dot median for the three 
forecast periods. The null hypotheses that the differences 
between the mean forecast errors of the two methods 
are zero are easily rejected at the 1% level for the first 
two periods and at the 5% level in the third year. The 
results for the dot mean and the dot mode comparisons 
were similar to those of the dot median and, thus, they 
are not reported in Exhibit 11.

The results of Exhibit 10 are also illustrated in 
Exhibits 12 through 17. These charts show the data 
grouped by year of the forecast target dates and show 
the evolution of dot median, dot mean, dot mode, 
and Fed fund futures estimates as they converge to the 
actual year-end average effective Fed funds rate (the solid 
straight line). In all cases it is visually apparent that the 
Fed fund futures have been better predictors of future 
Fed fund rates than the FOMC projections, as summa-
rized in the respective dot plots. These charts also show 
that the forecast accuracy of the various dot plot methods, 
most notably the dot mean, declines with the length of 
the forecast period, which is intuitively sensible.

FORECAST ACCURACY BY FOMC MEETING

In an attempt to assess whether the forecast accu-
racy of the FOMC has improved since the dot plots 
were f irst implemented, the average forecast errors 
were aggregated by FOMC meeting date. A visual 

E X H I B I T  1 0
Forecast Error Statistics by Forecast Period (year 0, year 1, year 2)

E X H I B I T  1 1
t-Test: Two-Sample Assuming Unequal Variances, 
FFF vs. Dot Median

Note: ∗Significant at 1% level; ∗∗Significant at 5% level.
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E X H I B I T  1 2
Dot Plots vs. Federal Funds Futures, 2012 (the median and the mode were the same)
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examination of the data show that forecast errors 
increased dramatically during the 2014 and 2015 
meetings. As can be seen in Exhibit 18, the FOMC 
and the f inancial markets overestimated the speed at 
which the Fed would f irst begin “normalizing” rates 
again from the 0.00% to 0.25% Fed funds target rate 
prevailing at the time. Although the futures market 
(indicated by the FF absolute error line) also overesti-
mated the speed of the Fed raising rates, it is clear that 
it was much closer to the actual observed rates than 
were the Fed policy makers.

CONCLUSION

This article contrasted the predictive ability of 
the Fed funds futures vs. the FOMC’s projections, as 
expressed in their dot plots. The overwhelming evi-
dence is that Fed funds futures are consistently better 
in predicting the prevailing Fed funds effective rate as 
compared with the dot plots of the Fed policy makers. 
Since free market adherents would not be surprised at 
this conclusion, we do not view these results as a limita-
tion of the Fed policy makers. Without doubt, the dot 

E X H I B I T  1 5
Dot Plots vs. Federal Funds Futures, 2015

E X H I B I T  1 6
Dot Plots vs. Federal Funds Futures, 2016
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plots have contributed a great deal toward increasing 
Fed transparency. It appears that the markets do a 
good job in deciphering the FOMC’s view of policy 
vision ahead through the Fed’s quarterly dot plots and 
the accompanying summary of economic projections. 
One implication of these results is that dot plots should 
best be interpreted in conjunction with the Fed funds 
rates implied in the Fed funds futures contracts. For 
example, a change in the dot plot forecast median that is 

not supported by a similar change in the futures implied 
Fed funds rate should be viewed with a healthy dose of 
skepticism and not acted or traded on heavily.
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Given the size of the US f ixed 
income market, the price dis-
covery challenges still amaze 
market participants. Not every 

bond trades every day. To meet the need of 
daily valuations for benchmarks and man-
aged portfolios, pricing services provide fair 
value prices.

The pricing services derive their prices 
by applying attributes of visibly traded bonds 
using quantitative relative valuation models 
applied to similar, unpriced securities. Typi-
cally these attributes are based on a yield 
curve, implied volatility (for bonds with 
embedded options), and spread over the yield 
curve. The spread is where most of the “art” 
in pricing comes in.

This article will demonstrate that 
market prices and fair value pricing are 
not interchangeable. This potential mis-
match has implications for f ixed income 
portfolio management and quantitative 
analysis. For instance, if the portfolio is 
priced with market prices, and the bench-
mark is priced with fair value prices, then 
the same bond held in the portfolio and the 
benchmark could have different dynamics. 
The fundamental issue of when to use each 
price also arises. This article will examine 
the relationship between market pricing 
and fair value prices of US corporate and 
agency residential mortgage-backed securi-
ties (RMBSs). For each sector, this article 

will f irst discuss the features of the market 
structure that in turn inf luence each source 
of pricing. It will next describe the relative 
statistical properties of market prices versus 
fair value pricing. The article will conclude 
with some implications of the market struc-
ture and the statistical analysis on portfolio 
management.

This article presents some simple models 
to demonstrate relationships between market 
prices and fair value pricing. The reader 
should not assume that these are the actual 
models used by the pricing services.

A NOTE ON SERIAL CORRELATION 

OF RETURNS

The statistical analysis will rely heavily 
on serial correlation in returns. Serial cor-
relation was suggested as a measure of illi-
quidity by Bao et al. (2010, 2011). Roll 
(1984) and Getmansky et al. (2004) dis-
cussed how serial correlation could legiti-
mately arise in less-liquid markets where 
fair value pricing exists. Hao and Sun (2013) 
demonstrate how the arrival of public infor-
mation contributes to the serial correlation 
of corporate bond returns. Positive serial 
correlation would indicate that traded 
market prices are slow to adjust to the true 
fair value price, and the asset is actually 
more volatile than it appears. However, 
as this article will demonstrate, the actual 
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experience of market returns is negative serial corre-
lation. It has been suggested that negative serial cor-
relation indicates “overtrading” and a lack of liquidity 
providers. For instance, Anand et al. (2018) discuss the 
evidence of mutual funds using their role as a liquidity 
provider to enhance their returns.

For instance, for the S&P 500 equity index, the 
serial correlation of returns is nearly zero:

Measured daily from March 31, 2017 to April 30, 2018.

In contrast, the municipal market is jam-packed 
with all of the features that are assumed to contribute 
to illiquidity: diverse, little known issuers; aged out-
standing bonds; presence of uninformed investors; and 
small issue sizes. The significant non-zero, serial corre-
lation of daily returns for state general obligation bonds 
ref lects this.

Measured daily from March 31, 2017 to April 30, 2018.

DATA SOURCES

The data used in this analysis are from the bench-
mark and security level prices and returns of the three 
main US bond benchmarks. For corporates, the daily 
constituents of the investment grade and high yield 
benchmarks, as well as the daily TRACE1 prices, are 
examined from December 29, 2017 to April 30, 2018. 
For RMBSs, the 30-year RMBS benchmarks of the 
three main US bond benchmarks, as well as the daily 
“to-be-announced” (TBA) TRACE pricing, are exam-
ined from March 31, 2017 to April 30, 2018.

CORPORATES

Corporate Market Structure

There are more than 10,000 corporate bonds in 
the US market across the investment grade and high 
yield benchmarks. From December 29, 2017 to April 30, 
2018, a trade was recorded for 934 bonds each day, while 
2,608 bonds did not record a single trade. Exhibit 1 
shows the distribution.

If one segments the two groups by attributes 
expected to contribute to illiquidity, there are signifi-
cant differences in trade every day versus trade no days:2

1 For more information on TRACE, please see http://www
.finra.org/industry/trace.

2 The square term in the (Price-100) attribute of the following 
table ref lects the equal illiquidity bias of prices above or below par, 
and the accelerating impact of that bias.

E X H I B I T  1
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The implication is already known to corporate bond 
traders: if you wish to trade in the future, you should own 
large issues, of frequent market issuers, with ready hedges.

For the Trade No Day universe, the role of fair 
value is very important; it provides a price when a 
market price is not available. The question of how to 
go from a fair value price to a potential market price is 
discussed in the Corporate Implications section.

Addressing the relative valuation models for cor-
porates, the remaining spread is typically driven by the 
rating and sector of similar bonds. In regard to the quan-
titative models, the models used by the fair value services 
are uniform in their structure and assumptions.

Corporate Statistical Analysis

The frequency of trading has a direct impact on 
the uncertainty about what the market price is. This 
leads to differences in the benchmark numbers across 
the three benchmarks. Also, there is evidence of serial 
correlation in the TRACE prices, which is not found 
in the fair value pricing.

The average range of fair value prices for the same 
bond across the pricing services is $0.46. If one compares 
the TRACE market price versus the median end-of-
day fair value price, the average across the universe is 
still $0.49. Exhibit 2 demonstrates that this dispersion of 
price increase with the lack of trading. The correlation 
of idiosyncratic return versus the three services is 0.65, 
further evidence of the difference of opinion.

The serial correlation of the pricing services versus 
the TRACE market prices does suggest more market effi-
ciency for the pricing services than for the TRACE prices.

Measured daily from December 31, 2017 to April 30, 2018. Idiosyn-
cratic is the price return less the duration-matched return implied by the 
on-the-run 2-year, 10-year and 30-year.

Looking at the Trade Every Day/Trade No Day 
sets, the two sets had a similar serial correlation, whereas 
the range between the pricing services was lower for the 
traded bonds.

As the frequency of trading decreases, an increase 
can be seen in the dispersion of pricing for the pricing 
services and for TRACE.

The serial correlations appear similar across both 
universes. The statistical analysis highlights the conun-
drum; if you are holding the bond at the fair value price, 
the actual trade price might be significantly different 
when you attempt to trade.

Corporate Implications

The question now becomes, if a market price is not 
available, can the trader estimate the likely market price 
using fair value prices? Or stated differently, how does 
fair value pricing inf luence market pricing? Starting 
from the “impact” of serial correlation, ρ

Changen in Market t

Changen in Market Price

in   (Price )

Changen Market ( 1t )= ρ ∗Changen in Market Price(t ε

It is possible to rearrange the terms, assuming that 
the error term, ε, is driven by dispersion and the regres-
sion will determine the sign of ρ, to derive an equation 
predicting next period’s market price knowing the pre-
vious two periods fair value prices

Trade No Day
Trade Every Day

Amt Out
($000)

874
1,541

Time Out
(years)

4.1
3.7

(Price-100)2

72.3
32.2

Rating Scale
(lower is lower rating,

S&P BBB-Moody’s
Baa3=610)

774
600

Has Credit
Default Swaps

35%
80%

Modified
Duration

5.8
5.1

Num Issues
of Parent

9.6
23.4
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ρ ∗ −
+ ρ ∗

( ) (= 1 )+ ρ  ( 1)

ρ ( 2)

Market t( Fair Value PriPP ce t

Fair Value t D− +2) ispes rsion

If we assume that the dispersion term is a linear 
function of the probability of illiquidity, which in turn 
can be proxied as the frequency of trading over the 
time period plus other undefined effects, we obtain the 
below equation that we can fit via autocorrelation, ρ, 
and regression parameters, β,

ρ ∗ −
+ ρ ∗ −
+ + β ∗

  ( ) (= 1 )+ ρ  ( 1)

ρ   ( 2)

β

Market t( Fair Value PriPP ce t

Fair Value   t

Dispersion Probability of IlliII quidityt

The resulting regression has an R2 in excess of 0.99, 
all variables are significant, and the derived serial cor-
relation of −0.21 is consistent with the earlier statistical 
analysis.

In the regression above, we assumed that the 
probability of illiquidity was known. We now try to 
derive a probability of illiquidity. Using the variables 
previously shown in the Trade Every Day/Trade No 
Day segmentation as inputs to a variety of regression 
techniques, all variables are statistically significant with 
an R2 of 0.39.

These results suggest that it is possible to infer the 
market price for an illiquid corporate price using fair 

value pricing, but it requires knowledge of the illiquidity 
and the serial correlation of the overall corporate bond 
market.

MORTGAGES

Mortgage Market Structure

The agency RMBS market is considered the 
second most liquid bond market in the United States. 
However, the old saying “Compared to equities, every-
thing in fixed income is harder” has a corollary: “Within 
fixed income, everything in mortgages is harder.” For 
RMBSs, the difficulty is finding the link between TBA 
prices, which are transparent, and fair value pricing, 
which is opaque.

There is much greater uniformity in RMBSs versus 
corporates. While there exist hundreds of thousands of 
individual RMBS bonds, for benchmark purposes, the 
individual RMBS are grouped into about 300 buckets. 
These buckets are called vintage year generics (VYG) 
and are

• Formed between Fannie Mae, Freddie Mac, and 
Ginnie Mae, then

• Bucketed into original maturities of 30, 20, and 
15 years, then

• By like coupons, and finally
• By the origination year.

E X H I B I T  2
Dispersion in TRACE and Fair Value Pricing
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The benchmarks then value these buckets, not the 
individual RMBS bonds. Moreover, the vast majority 
of the trading of RMBSs is in TBA forward contracts, 
in which “good delivery” is in individual RMBS bonds 
that adhere to previously defined trade stipulations, set-
tling on specified days per month per mortgage type.3 
The most liquid TBA, called the “at the money (ATM) 
coupon,” is typically the one with the price closest to 
par and, thus, has the least exposure to adverse prepay-
ments. The amount that a mortgage coupon is different 
from the ATM coupon is referred to as its “moneyness.” 
The other reason for the concentrated volume in the 
ATM TBA is that the TBA typically settles with newly 
issued RMBSs. This delivery practice also ref lects the 
role of the TBA market as the conduit by which new 
RMBSs are issued into the market and contributes to its 
liquidity. Thus, TBA are frequently traded and VYG are 
frequently valued, but specific RMBSs are rarely traded 
and infrequently valued. The valuation link between all 
three can be opaque.

As we move to market prices, TRACE also records 
TBA trading data. While corporate trading is about 
$9 billion on a typical day, TBA trading is $13 billion. 
Moreover, the average trade size for corporates is 
$270,000 versus $9 million for TBA.

3 Please see Vickery and Wright (2013) for an excellent 
description of the mechanics of this market.

As Exhibit 3 indicates, most of the TBA trading 
is in the ATM coupon, which during this time period 
was the 3.5% coupon.

If we followed the line of reasoning used in the 
corporate analysis, the next step would be to compare 
valuations of the individual VYG with the TRACE 
TBA. The problem is that the attributes of the VYG can 
be significantly different from the assumed delivery of a 
TBA, so no direct comparison at the individual security 
level would be reliable.

Looking at the fair value models for RMBSs, there 
is greater complexity and subjectivity in the quantitative 
valuation models for RMBSs. For instance, one feature 
in these models is the projections of housing price appre-
ciation. If a housing price appreciation of 3% versus 2% 
is used, housing prices approximately double 12 years 
sooner, which has a substantial effect on long-dated, 
future mortgage cash f lows. Moreover, there are special 
events each month for RMBSs that inf luence per-bond 
pricing, such as the turn of the month, TBA settlement 
dates, and release of monthly prepayments.

Mortgage Statistical Analysis

First, we will focus on the VYG returns for the 
30-year RMBSs common across the benchmarks, using 
the three benchmark providers’ fair value pricing. Com-
paring the total returns time series of the three bench-
marks, the correlation across the three benchmarks 
averages 0.62 for each index pair, indicating the degree 

E X H I B I T  3
Dispersion of TBA Trading by Coupon
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of dispersion across the three benchmarks. Moving to 
the individual VYG, again we find no evidence of serial 
correlation in the fair value pricing. However, as in cor-
porates, there is significant serial correlation in the TBA 
market prices.

Measured daily from March 31, 2017 to April 30, 2018.

Mortgage Implications

Given the disconnects between TBA and VYG and 
the different statistical properties of the two universes, 
What impact do TBA prices have on VYG valuations? 
And what are the drivers of the residual price? This 
analysis will proceed in three steps:

For each day,

• First construct a “perfect” ATM TBA price change 
series.

• Then calculate a residual price return series for the 
VYG to produce an implied yield change.

• Determine the drivers of this implied yield change 
for each VYG.

The ATM TBA price change series is the weighted 
combination of the two TBAs on either side of par. We 
will assume this represents the price change of the MBS 
market. The correlation between the ATM TBA and 
the VYG market across the three benchmarks averages 
0.43, indicating the importance of this single data point 
on VYG valuation. As an aside, an interesting aspect of 
the ATM TBA price return series is that it has lower 
serial correlation than the individual series. Part of this 
reduction is due to averaging, but the specific weighting 
scheme contributes to this as well.

Next, for each day, subtract the ATM price return 
from the VYG price return to derive the excess price 
return for each VYG. Using the VYG prices for the 
coupons above and below the VYG of interest, we can 
infer an implied duration and convexity for the VYG of 
interest, and using the quadratic formula,

= −

+ ∗

 

1
2

 2

Excessee Price Return

Implied Duratiorr n I∗ mpII lied Yield ChangCC e

Implied ConCC vexity I∗t mpII lied Yield ChangCC e

solve for the implied yield change given the excess price 
return.

Finally, we fit these implied yield changes according 
to the only two remaining model-independent charac-
teristics of the VYG.

= α + β
+ β ∗
α + 1 (∗ )

2β

Implied YieldYY Changen

VYG CouCC pou n A− TM Coupon

Weighted Average Loan AgeA

The average daily R2 of this equation is 0.70 to 0.44 
across the benchmark providers, with the moneyness the 
most consistently significant explanatory variable. This 
result confirms that beyond ATM TBA movement, the 
moneyness is the next most significant driver of VYG 
fair value pricing. However, given the range of the R2, 
the degree of transmission depends on the valuation 
model of the benchmark provider.

CONCLUSION

Fixed income quantitative researchers would 
always prefer to use market prices for their research. 
However, as we have shown for corporates and mort-
gages, market prices are not always available or are of 
limited extrapolation to individual securities. Fair value 
pricing fills this void, but fair value pricing eventually 
ref lects the factors in the underlying models used to 
develop these prices. Depending on the specific sector 
and valuation model conventions, this can lead to a sig-
nificant mismatch between market prices and fair value 
prices and even variations between fair value pricing 
services. This article highlighted those differences and 
suggested simple models to adjust for them.

Corporates, because of their heterogeneity, need 
fair value pricing so that likely market prices for illiquid 
bonds can be inferred, but the relationship is more com-
plex than expected. Mortgages, because of their homo-
geneity, use TBA prices as the starting point for fair value 
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pricing, but there are also other factors at work, which 
are dependent on the individual pricing model used.

One additional observation is the significant serial 
correlation in market prices in these sectors, which is not 
observed in the fair value pricing. Current research indi-
cates that this serial correlation is due to the illiquidity 
in the fixed income market.
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The identif ication of risk-free 
interest rates is an important 
issue. Non-zero credit default 
swap (CDS) premiums even for 

Germany and the United States imply that 
default risk is present for all governments. 
Previous studies on sovereign CDS evalua-
tions have implicitly assumed that risk-free 
interest rates and sovereign default intensi-
ties are independent (see, e.g., Longstaff 
et al. (2011); Pan and Singleton (2008); and 
Realdon (2007)). Pan and Singleton (2008) 
and Realdon (2007) model default intensi-
ties using log-normal diffusion processes and 
presume deterministic risk-free interest rates 
with no option to consider the correlation 
between risk-free interest rates and default 
intensities. Kagraoka and Moussa (2014) pro-
pose a joint estimation procedure for risk-free 
interest rates and sovereign default intensities. 
They estimate the term structure of risk-free 
interest rates and that of default intensities, 
following Houweling and Vorst (2005), as 
a deterministic function and do not study 
the correlation between the risk-free interest 
rates and default intensities.

Few studies examine the correlation 
between the risk-free interest rates and 
default intensities. For instance, Brigo and 
Alfonsi (2005) and Brigo and Mercurio 
(2006) model the stochastic processes of 
the risk-free interest rate and default inten-
sity, examine the impact of the correlation 

between the processes, and conclude that it 
negligibly affects CDS premiums. However, 
they do not evaluate the correlations from 
market data. Chen et al. (2008a, 2008b) study 
the correlations between the risk-free interest 
rates and the default intensity of a firm, not 
the government. The correlation between 
government bond yields and sovereign CDS 
premiums is different from the correlation 
between risk-free interest rates and default 
intensities. First, government bond yields 
are not risk-free interest rates. Traditionally, 
government bonds issued by Germany and 
the United States have been regarded as risk-
free assets, and the spot rates calculated from 
these bonds are presumed to be the risk-free 
interest rates. However, the emergence of 
the CDS market revealed that even German 
and US government bonds incur default risk 
because their corresponding sovereign CDS 
premiums are much lower than for other 
countries, but they are not zero. Therefore, 
no government bond, not even German and 
US government bonds, eliminates default 
risk, and government bond yields are com-
posed of the risk-free interest rates and default 
risk premiums. Second, CDSs are evaluated 
by projecting the future cash f lows of fixed 
and f loating legs and discounting them by 
the risk-free interest rates. The expected cash 
f lows of CDSs are determined by the default 
intensities of a reference entity, and their 
present values are evaluated by discounting 
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the cash f lows by the risk-free interest rates. Therefore, 
sovereign CDS premiums and government bond yields 
are functions of the risk-free interest rates and default 
intensities of the corresponding government. To inves-
tigate the correlation between the risk-free interest rates 
and sovereign default intensities, they should be iso-
lated from government bond yields and sovereign CDS 
premiums.

Previous empirical studies on sovereign CDSs 
examined CDS premiums before the European sovereign 
debt crisis starting at the end of 2009 (e.g., Brigo and 
Alfonsi 2005, Brigo and Mercurio 2006, Longstaff et al. 
2011, Pan and Singleton 2008, and Realdon 2007). 
Sovereign CDS premiums were extremely low before 
the European sovereign debt crisis but started to rise 
continuously from 2010 and surged in mid-2012. To 
the best of my knowledge, there is no empirical study 
that investigates the default intensities implied in CDS 
premiums during the European sovereign debt crisis.

The purpose of this study is twofold. First, this 
article proposes a new methodology to estimate the term 
structure of risk-free interest rates and sovereign default 
intensities in the presence of a correlation between the 
risk-free interest rates and sovereign default intensities. 
This study extends the study by Kagraoka and Moussa 
(2014). Although they assume that the risk-free interest 
rates and default intensities are independent of each other 
and are deterministic functions, this study formulates 
the risk-free interest rates and default intensities using 
stochastic processes. Thus, the stochastic representation 
of the risk-free interest rates and default intensities allows 
for non-zero correlation between them. Second, this 
study empirically examines the correlation between the 
risk-free interest rates and sovereign default intensities. 
The model is applied to two markets: German govern-
ment bonds and sovereign CDSs on German and US 
government bonds and sovereign CDSs on the United 
States. German and US markets are studied because 
their government bonds have the least default risk and 
are closer to the risk-free interest rates. The stochastic 
processes of the risk-free interest rates and the default 
intensities are calibrated to the market data from 2008 to 
2017. The correlations between the risk-free interest rates 
in euros (EUR) and the default intensities of Germany 
and the correlations between the risk-free interest rates 
in US dollars (USD) and the default intensities of the 
United States are examined.

MODEL

A reduced-form approach is applied to formulate 
default.1 Lando (1994, 1998) models default as a doubly 
stochastic Poisson process (also known as a Cox pro-
cess). An Rd-valued stochastic process, X = {Xt: 0 ≤ 
t ≤ T ∗}, is defined on a probability space (Ω, F, P). 
Given a unit exponential random variable E1, a func-
tion, λ: Rd → [0, ∞), called the default intensity, defines 

the default time, { }∫τ = inf { ∫∫∫ . The fol-

lowing filtrations are defined:

 G = σ{ : 0 }≤ ≤ ,: 0 ≤t sGG σ{  (1)

 = σ ≤ ≤H {1 : 0 }, and{ }τ≤ s t≤t σHH {1{τ≤  (2)

 F G H∨G .t tF GF GGG tHH  (3)

The survival probability S(t, T ) is given by

 ( )∫⎡
⎣⎣⎣

⎤
⎦
⎤⎤
⎦⎦

F( , ) p .( )∫ ⎤
⎦⎥
⎤⎤
⎦⎦

FS( T ( ∫⎡
⎣⎢
⎡⎡
⎣⎣

) E= exp( ∫(x ∫∫ tFF  (4)

The default intensity is a non-negative function 
of t and is represented by various stochastic processes. 
A square root process proposed by Cox, Ingersoll, and 
Ross (CIR) (1985) is a popular approach to modeling 
default intensity (e.g., Guarin et al. 2014, Longstaff et al. 
2005, Ueno and Baba 2007, and Zinna 2013). Brigo and 
Alfonsi (2005) and Brigo and Mercurio (2006) modify 
the CIR model by introducing a shift term. Pan and 
Singleton (2008) model a default intensity process using 
the log-normal model of Black and Karasinski (BK) 
(1991). Realdon (2007) models the default intensity 
using a two-factor BK model. Here, the default inten-
sity is assumed to be a square root diffusion process of 
the CIR type under a physical measure P:

 P P Pλ = P λ σ λλ λ λ λλ) .,d dPλ = κP λ )Pθ − λλθ t d+ σ λλ λ Wλt tλ λ λλθκ λλθ tλ,λ  (5)

1 Default is modeled by either a structural model or a reduced-
form approach (e.g., Bielecki and Rutkowski 2004 and Duffie and 
Singleton 2003). The reduced form approach is straightforward 
for investigating the correlation between risk-free interest rates 
and default intensities. The structural model is also used to study 
sovereign credit risk (e.g., Uhrig-Homburg 2013).
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The market price of risk, γλ,t, underlying a change of 
measure for λt from P to a martingale measure Q, is 
assumed to be a function of λt as

 P Q= γ + γ =
γ

λ
+ γ λλ λ= γ λ λ

λ −
λ, ., ,λ , ,

, 1−
,1dWλ dt dWλtλγ ,λγ t t

t
t  (6)

The stochastic process of λt under Q is given by

 Q Q Qλ = Q λ σ λλ λ λ λλ) ,,d dQλ = κQ λ )Qθ − λλθ t d+ σ λλ λ Wλt tλ λ λλθκ λλθ tλ,λ  (7)

where

 P P Q Q P Qκ θP + γ σ = κ θQ κ −P γ σ = κλ λθ λ − λ λ= κ λ λκ λ λσ λ .κλσγλκ λ, 1− ,  (8)

The recovery of a discount bond is restricted to the fixed 
amount ( Jarrow and Turnbull 1995) or is proportional 
to the bond price at the time of default as if it did not 
default (Duffie and Singleton 1999). The latter manner 
is adopted in this study.

The risk-free interest rate, rt, is a stochastic pro-
cess generated by X. The time-t price of a default-
free discount bond paying 1 at maturity T, B(t, T ), is 
expressed as

 ( )∫⎡
⎣⎣⎣

⎤
⎦
⎤⎤
⎦⎦

F( , ) E p ,( )∫ ⎤
⎦⎥
⎤⎤
⎦⎦

FB( T ( ∫⎡
⎣⎢
⎡⎡
⎣⎣

) E= exp( ∫(x ∫∫ tFF  (9)

and the risk-free spot rate from t to T, Rrf(t, T), is given by

 = −( , )
1

ln ( , ).R ( T
T t−

B( Trf  (10)

During the past few years, market participants 
have observed negative interest rates in European coun-
tries and Japan. Negative interest rates are generated by 
shifted CIR and BK models (Brigo and Mercurio 2006). 
This study employs the Vasicek model (1977), which 
allows negative interest rates and has analytical expres-
sions for discount bond prices and the transition density 
of interest rates. The stochastic process of the risk-free 
interest rate under P is written as

 P P P= κ P σ( )θ −P .,dr r d) t d+ σ Wt rκrr r t r rWW t
 (11)

The market price of risk, underlying a change of mea-
sure from P to Q, is assumed to be an affine function 
of rt,

P Q= γ + γ = γ + γ, ., ,γ , , ,γ 0 ,+ γ 1dW dt dW rr t,WW r t, r t,WW r , ,0 γ trr  (12)

The stochastic process of rt under Q is given by

 Q Q Q= κ Q σ( )θ −Q ,,dr r d) t d+ σ Wt rκrr r t r rWW t
 (13)

where

 P P Q Q P Qκ θP − γ σ = κ θQ κ +P γ σ = κ, .κ + γ σ κ,0 ,1r rθ rσr ,0 r rθ r rγγ r r  (14)

The derivative price, f(t, r, λ), is a solution to the 
following partial differential equation:

  
Q Q Q Q

∂
∂

+ σ ∂
∂

+ ρ σ σ λ ∂
∂ ∂λ

+ σ λ ∂
∂λ

+ κ Q ∂
∂

+ κ Q λ ∂
∂λ

− λ =

λ λσ σ λ

λ λ

1
2

1
2

( )θ −Q ( )θ −Q λθ ( 0,

2
2

2 ,

2
2

2

2

f
t

f
r

f f

f
r

f
r fλ )+ λ

r r∂
ρ2 tλλσ t

r r(θ t t∂
+ κλ λ) λλθ t t+ λ

  
  (15)

where ρr,λ is the correlation between Q
,dWr t,WW  and Q

λ,dWλ t . 
When the risk-free interest rates and default intensities 
are independent, ρr,λ = 0, a solution is written as

 λ ⋅ λ, λ ( , ) (⋅ , )λ ,f t( r g=, )λ r,   (16)

where functions g(t, r) and h(t, λ) satisfy the following 
equations:

 

g
t

g
r

g
r

r g

h
t

h h
h

r r r t trr

t t

1
2

( )rr trr 0

1
2

( )t 0.
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2
2

2

∂
∂

+ σ ∂
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+ κ r

∂
∂
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∂
∂

+ σ λ ∂
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+ κ ∂
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⎧
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⎪
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⎩
⎪
⎨⎨

⎪⎩⎩
⎪⎪

λ λt 2λ
∂λ

+ κ λ

Q Q(θ

Q(

 
(17)

 

The solutions to Equation (16) have analytical expres-
sions that are given in many textbooks, such as Zhu 
et al. (2013).

ESTIMATION PROCEDURE

Estimation Procedure Overview

The parameters of the stochastic processes rep-
resented by Equations 5, 7, 11, and 13 are estimated 
such that the theoretical government bond prices 
and sovereign CDS premiums are close to the corre-
sponding market prices and premiums. It is diff icult to 
jointly estimate the stochastic processes of the interest 
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rate, rt, and the default intensity, λt, and the correla-
tion between them using government bond yields and 
sovereign CDS premiums because government bonds 
and CDSs are evaluated only by resorting to numer-
ical methods if the correlation is not zero. Even if the 
correlation is zero, only the Vasicek and CIR models 
have analytical expressions for bond prices and CDS 
premiums.

To solve these problems, a new estimation pro-
cedure is devised. The novelty of the procedure is to 
estimate the default intensities from sovereign CDS 
premiums in a foreign currency. To explain the pro-
cedure concretely, the German and US markets are 
taken as examples. It is conjectured that sovereign 
default intensities are not correlated with the risk-free 
interest rates in a foreign currency. Thus, the German 
sovereign CDSs not in EUR but in USD are used 
to estimate the German default intensity because the 
risk-free interest rate in EUR might be correlated with 
the German default intensity and it is unlikely that 
the US interest rate is correlated with the German 
default intensity. Similarly, the US sovereign CDSs in 
EUR are used to estimate the US default intensity. The 
risk-free interest rate in USD is essential to evaluating 
German CDSs in USD. The risk-free interest rate in 
USD is estimated from US government bond yields 
by adjusting the default intensity of the United States 
implied in US sovereign CDSs in EUR. Similarly, the 
risk-free interest rate in EUR is essential to evaluating 
US CDSs in EUR. The risk-free interest rate in EUR 
is estimated from German government bond yields by 
adjusting the default intensity of Germany implied in 
German sovereign CDSs in USD. Therefore, an esti-
mation procedure for the risk-free interest rate and the 
default intensity has a nested structure.

The risk-free interest rates and the default 
intensities are estimated in three steps. First, term 
structure of the risk-free spot rates and default inten-
sities are estimated as deterministic functions. The 
conjecture that sovereign default intensities are not 
correlated with the risk-free interest rates in a foreign 
currency is indispensable for estimating the deter-
ministic functions of the risk-free interest rates and 
those of the default intensities. The term structures 
of the deterministic risk-free spot rates, Rrf(t, T ), and 
the deterministic default intensity, λ0

t , are jointly esti-
mated from government bond yields and sovereign 
CDS premiums. The survival probability from t to T, 

S(t, T ); the deterministic default intensity, λ0
t ; and the 

stochastic default intensity, λt, are related as follows:

 ( )∫ ( )∫∫⎡
⎣⎣⎣

⎤
⎦⎥
⎤⎤
⎦⎦

F( , ) e pS( T ( ∫() e= xp ∫∫∫ ∫∫ tFF  (18)

Second, the stochastic process of the risk-free interest 
rate is estimated such that it generates the term struc-
ture of the risk-free interest rates that are assumed to 
be deterministic. Finally, the stochastic process of the 
default intensity is estimated such that it generates the 
term structure of CDS premiums. The parameters of the 
stochastic processes of the risk-free interest rate and the 
sovereign default intensity are estimated using the max-
imum likelihood method following Pan and Singleton 
(2008) and Realdon (2007), although they assume that 
risk-free interest rates are deterministic and estimate 
only the stochastic processes of the default intensity.

Estimation of the Deterministic 

Term Structures

First, the government bond yields are smoothed and 
interpolated by applying a cubic spline. The interpolated 
bond yields data are necessary to obtain the term structure 
of risk-free interest rates because a government default 
might happen at any time. Similarly, the sovereign CDS 
premiums are smoothed and interpolated by applying a 
cubic spline, where the maturities of CDSs range from 
three months to 10 years with three-month increments. 
The interpolated CDS data are necessary to obtain the 
term structure of default intensities because a protection 
buyer of CDSs pays periodic premium payments in arrears 
every three months. Second, the term structure of the 
risk-free spot rates, Rrf(t, T), and default intensities, 0

t , are 
estimated by assuming them to be deterministic functions. 
To avoid the inf luences from the correlation between the 
risk-free interest rates in a local currency and the sovereign 
default intensities, the sovereign CDSs irrelevant to the 
dynamics of the risk-free interest rates in the local currency 
are chosen to estimate the risk-free interest rates and default 
intensities. As such, German sovereign CDSs in USD and 
US sovereign CDSs in EUR are adopted to estimate the 
default intensities of Germany and the United States. Note 
that German and US government bonds might be priced 
by considering the correlation. However, it is assumed 
that market participants price them with zero correlation 
between the risk-free interest rates and default intensities 
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because there is no reference instrument to measure this 
correlation and, consequently, market participants have no 
option but to assume zero correlation.2

The deterministic function for the risk-free spot 
rate is expressed as a piecewise constant function that 
is discontinuous at knot points, where knots are placed 
from one month to 10 years in one-month increments. 
Similarly, the deterministic function for the default 
intensities is expressed as a piecewise constant function 
that is discontinuous at knot points placed from three 
months to 10 years in three-month increments. These 
parameters are estimated by minimizing the sum of the 
pricing errors of EUR and USD spot rates with the con-
straints of the theoretical CDS premiums of Germany 
in USD and of the United States in EUR that coincide 
with the corresponding market premiums.

Estimation of Stochastic Default Intensity

The parameter estimation for the stochastic process 
of the risk-free interest rate is parallel to the parameter 
estimation of the stochastic process of sovereign default 
intensity. Thus, because of space limitations, only the 
estimation of the default intensity is explained. A set of 
such parameters, P P Q QΨ = κ θP κ θQ

λ λθ λ λθ λ(κ P
λ , κ λ , )σλ , for Germany 

and the United States, is estimated. Sovereign CDSs are 
evaluated under the Q-measure. Given Q Qκ θQ

λ λθ λ(κ Q
λ , )σλ , the 

CDS premiums are analytically calculated. The five-
year CDS is assumed to be perfectly priced such that the 
pricing functions could be inverted for λt. The transition 
probability f  P(λt|λs; Ψ) from λs at time s to λt at time t 
is computed as

 P λ λ Ψ ⎛
⎝

⎞
⎠ (⎛

⎝
⎛⎛ ⎞

⎠
⎞⎞− 2 ),

/2

f cP λ λ Ψ =( ;λ λ ) = v
u

(2t sλ u v−
q

q  (19)

where

 
P

P= κ
σ −

λ

λ
−κλ

:
2

(1 )
,

2 ( )
c

e −
 (20)

 
P

λ −κλ: ,= λ λ ( )u λ:= λλ es
−  (21)

2 Government bonds issued in a foreign currency might be 
ideal candidates for government bonds that eliminate the correlation 
between risk-free interest rates and default intensities if the issuing 
government has suff icient foreign currency exchange reserves 
denominated in the same currency as the government bond.

λ: ,= λv λ:= λλt  (22)

 
P P

= κ θP

σ
−λ λθ

λ

:
2

1,2q  (23)

and Iq(⋅) is the modified Bessel function of the first kind 
of order q (Cox et al. (1985)). The CDS premium at its 
m-year maturity, CDSt(m), (m = 1, …, 4, 6, …, 10) has a 
pricing error, ε ,m t,

CDS, which follows a normal distribution:

 Q ( ) =
πσ

−
ε
σ

⎛

⎝⎜
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⎝⎝

⎞
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2

f m t,
CDS

m

 (24)

The parameters of the default intensity, Ψ, are 
estimated by maximizing a log-likelihood function. As 
such, the log-likelihood function for the CDS premium 
is given by

 

= Ψ
= Ψ

+
= Ψ

⎛
⎝⎜
⎛⎛
⎝⎝

⎞
⎠⎟
⎞⎞
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… …

… …

( ( ) ( 1, ,10), ( , , ); )Ψ
( (5) ( 1, ,… ); )

( ) ( 1= , ,… 4,6, ,10),

( 1, ,… );
.

L( m m) ( t = …1 ,

L( T…1= , ,…

L
CDS (

T1= , ,…

t

t

t
 (25)

The state variable λt is transformed to the five-year CDS 
premium by a function ηλ as

 λλ(5) (= ηλ ).CDSt tλλ(5) (ηλ  (26)

According to the log-likelihood function for the trans-
formed data proposed by Duan (1994), the log-likeli-
hood function of CDSt(5) is given by

 
∑

= Ψ

= λ = Ψ Ψ

= λ = Ψ −
λ

λ

=
…

( (5) ( 1, ,… ); )

( (λ )Ψ l ( (ηλ
− (5); )

( (λ (λ 1, , ); )Ψ ln
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,

1

1
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d

t

t tλ…( 1, , ( (ηλt( T J+); )Ψ CDS

t
t

t
t

T
(27)

where J is the Jacobian of the given transformation ηλ. 
The first term in the last line of Equation 27 is rewritten 
as

 P P P∑
λ = Ψ

P= ∑ κ θ σP
− λκ λ λσ

=

…( (λ 1, , ); )Ψ

(λ λ − ,θλ ).
2

L(λ

f

t

t tλ
t

T
 (28)
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The last term in the last line of Equation 27 is evalu-
ated numerically. The second term in the last line of 
Equation 25 is given by

 
Q∑∑

( )Q∏∏ Q Q

( )Q Q

= Ψ

= ( Q∏∏ Q

= Q∑∑ ( Q
==

… …

… …

( ( ) ( 1, ,4,6, ,… 10), ( 1, ,… ); )

l Q

l Q .)1, ,4,6, ,…101

L( k k) ( T…1= , ,…

f

t

kt

T

(29)

EMPIRICAL ANALYSIS

Data

This study analyzes weekly data (Wednesday to 
Wednesday) from October 8, 2008 to December 27, 
2017, for 482 observations. The government bond 
yields and sovereign CDS premiums with maturities 
equal to or less than 10 years are examined. The yields 
of AAA-rated government bonds, as calculated by the 
European Central Bank, are regarded as the German 
spot rates. The spot rates of the US government bonds 
are calculated by the Federal Reserve and distributed by 
Datastream. The term structures of the EUR and USD 

spot rates are shown in Exhibit 1. The CDS premiums 
for Germany in USD and for the United States in 
EUR, whose maturities are six months and one, two, 
three, four, five, seven, and 10 years, are provided by 
Datastream.3 The term structures of the CDS premiums 
for Germany in USD and for the United States in EUR 
are shown in Exhibit 2.

As previously explained, the spot rates of gov-
ernment bonds and the premiums of sovereign CDSs 
are inherently correlated. The correlation coefficients 
between the weekly differences of the f ive-year spot 
rate and five-year CDS premiums are computed, and 
the empirical results are given in Exhibit 3.4 Actu-
ally, the correlation coefficient between the five-year 
spot rate in EUR and f ive-year CDS premiums for 
Germany is −0.1203, whereas the correlation coeffi-
cient between the five-year spot rate in USD and five-
year CDS premiums for the United States is −0.0284. 
Moreover, the correlation of the f ive-year spot rate 

3 The CDS database provided by Datastream has missing 
values and price runs before October 6, 2008. Therefore, this study 
examines the CDS data starting October 7, 2008.

4 The five-year CDS is the most liquid, and the maturity of 
the spot rate is matched to that of CDSs.

E X H I B I T  1
Term Structures of Spot Rates in EUR and USD
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between EUR and USD is 0.5462 and that of the five-
year CDS premiums between Germany and the United 
States is 0.5089. These strong correlations suggest the 
co-movement of interest rates and CDS premiums in 
the German and US markets.

Estimation of Deterministic Term Structures

Following the procedure described in the pre-
vious section, the deterministic term structures of the 
risk-free interest rates and those of the sovereign default 

intensities are estimated. The recovery rate of sovereign 
CDSs is set to one-third. The estimated term struc-
tures of the risk-free interest rates in EUR and USD 
are illustrated in Exhibit 4. Negative risk-free interest 
rates manifest in both EUR and USD. The short-term 
risk-free interest rates in EUR have been negative since 
September 21, 2011, and the short-term risk-free interest 
rates in USD occasionally took negative values during 
the period from May 25, 2011 to June 11, 2014. The 
risk-free interest rates are obtained by subtracting the 
credit spreads from the spot rates; therefore, the risk-free 

E X H I B I T  2
Term Structures of CDS Premiums for Germany in USD and the United States in EUR

0

20
09

20
10

20
11

20
12

20
13

20
14

20
15

20
16

20
17 20

18

0.005

0.01

0.015

0

0.003

0.002

0.001

0.004

0.005

0.006

0.01

0.009

0.008

0.007

20
09

20
10

20
11

20
12

20
13

20
14

20
15

20
16

20
17 20

18

6 m 1 y 2 y 3 y 4 y 5 y 7 y 10 y

Term Structure of CDS Premiums
for Germany in USr D

Term Structure of CDS Premiums
for the United States in EUr R

E X H I B I T  3
Correlation Coefficients between the Five-Year Spot Rates and CDS Premiums

Note: Correlation coefficients of the weekly differences between the five-year spot rates in EUR and USD and the five-year CDS premiums for Germany 
in USD and the United States in EUR are calculated.
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interest rates are lower than the spot rates. The estimated 
results on the term structure of the default intensities of 
Germany and the United States are illustrated in Exhibit 
5. The deterministic default intensity was low before the 
European sovereign debt crisis, continuously increased 
from 2010, and surged in mid-2012 in accordance with 
the movement of CDS premiums. The deterministic 
default intensity remained extremely volatile until the 
end of 2012.

Estimation of the Stochastic Processes

The estimation results for the risk-free interest 
rates and default intensities are given in Exhibit 6. For 
the risk-free interest rate in EUR under the physical 
measure P, the speed of reversion, Pκ ,r E, UR, is 0.564321, 
and the level of reversion, Pθ ,r E, UR , is −0.009112, which 
ref lects negative interest rates in EUR. For the risk-free 
interest rate in EUR under the martingale measure, Q, 
the speed of reversion, Qκ ,r E, UR , is 0.000378, and the level 
of reversion, Qθ ,r E, UR , is −65.663652. Whereas the level 
of reversion is negative and extremely low, the speed of 
reversion is very weak. The volatility, σr,EUR, is 0.006529. 
For the risk-free interest rate in USD under the physical 
measure P, the speed of reversion, κ ,r U, SDUU , is 1.394089, and 
the level of reversion, Pθ ,r U, SDUU , is 0.000464, thus generating 

very low but positive interest rates in USD. For the risk-
free interest rate in USD under the martingale measure 
Q, the speed of reversion, Qκ ,r U, SDUU , is 0.000389, and the 
level of reversion, Qθ ,r U, SDUU , is −117.421842. Although the 
level of reversion is negative and extremely low, the 
speed of reversion is very weak. The volatility, σr,USD, is 
0.008874. The estimated parameters under the physical 
measure ref lect extremely low risk-free interest rates in 
EUR and USD. The risk-free interest rates in EUR con-
tinue to fall. Thus, the level of reversion is negative. The 
risk-free interest rates in USD bounced up on October 9, 
2013, and continue to increase. Thus, the level of rever-
sion is low but positive. The risk-free interest rates in 
EUR declined consistently, whereas the risk-free interest 
rates in USD fell and rallied. Therefore, the volatility 
of risk-free interest rates in EUR is smaller than that 
in USD. The time series of the risk-free interest rate 
in EUR, rEUR,t, and USD, rUSD,t, is shown in Exhibit 7.

Estimation of the Stochastic Process 

of Default Intensity

The estimation results of the default intensities 
and pricing errors of CDS premiums are also given 
in Exhibit 6. For the default intensity of Germany 
under the physical measure P, the speed of reversion, 

E X H I B I T  4
Term Structure of Risk-Free Interest Rates in EUR and USD
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Pκλ,Ger , is 0.195731 and the level of reversion, Pθλ,Ger , is 
0.001788, which ref lects a low default risk for Ger-
many. For the default intensity of Germany under the 
martingale measure Q, the speed of reversion, Qκλ,Ger , is 
−0.147210, which means that the process is repulsive. 
The level of reversion, Qθλ,Ger, is negative at −0.002370. 
The volatility, σλ,Ger, is 0.026416. For the default inten-
sity of the United States under the physical measure P, 
the speed of reversion, Pκλ,US , is 0.540453 and the level 
of reversion, Pθλ,US, is 0.002082, which is slightly higher 
than Germany’s. For the default intensity of the United 
States under the martingale measure Q, the speed of 
reversion, Qκλ,US , is negative at −0.031499, which means 
that the process is repulsive. The level of reversion, 

Qθλ,US , is negative at −0.024654. The volatility, σλ,US, 
is 0.039410.

The time series of the default intensity of Germany, 
λGer,t, and the United States, λUS,t, is drawn in Exhibit 8. 
The default intensity of Germany surged by approxi-
mately 0.0085 in February 2008, reached high values 
from August 2011 to July 2012, and has been lower 
than 0.002 since September 2013. The default intensity 
of the United States peaked at approximately 0.0114 in 
February 2009 and has been lower than 0.002 si nce 
March 2014.

Correlation between Risk-Free Interest 

Rates and Sovereign Default Intensities

The empirical results of the correlation coefficients 
of rEUR,t, rUSD,t, λGer,t, and λUS,t are given in Exhibit 9. The 
correlation coefficient between the risk-free interest rate 
in USD and the default intensity of Germany is ρUSD,Ger = 
−0.2282 which is almost half of ρEUR,Ger = −0.5007. The 
correlation coefficient between the risk-free interest rate 
in EUR and the default intensity of the United States is 
ρEUR,US = −0.2645, which is comparable with ρUSD,US = 
−0.2672. Compared with the correlation coefficients of 
the weekly differences between the spot rates and CDS 
premiums, the correlations between the risk-free interest 
rates and sovereign default intensities are quite strong. 
This large discrepancy in the correlations is explained as 
follows: The risk-free interest rates and default intensities 
are negatively correlated. The spot rate is composed of 
the risk-free interest rate and the credit spread, which is 
given by integrating the default intensity with respect 
to the term-to-maturity. Thus, the spot rate is less vola-
tile than the risk-free interest rates, and the correlations 
between the spot rates and CDS premiums are weaker 
than those between the risk-free interest rates and default 
intensities.

E X H I B I T  5
Term Structure of Default Intensities for Germany and the United States
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The stro  ng correlations between the risk-free 
interest rates and those of the default intensities are 
interpreted as follows: Through the turmoil of the 
European sovereign debt crisis, financial markets world-
wide are interrelated. The European sovereign debt 
crisis increased the default intensity of Germany and 
the United States. The European Central Bank low-
ered the risk-free interest rates in EUR and, likewise, 
the Federal Reserve Board lowered the risk-free interest 
rates in USD. Thus, the co-movement of the default 

intensities of Germany and the United States and the 
co-movement of the risk-free interest rates in EUR 
and USD caused a strong negative correlation. This 
conjecture is verified as follows: The sample period is 
divided into two subperiods with the same number of 
observations: from October 8, 2008 to May 15, 2013, 
and from May 22, 2013 to December 27, 2017. The 
f irst half-period contains the periods of market tur-
moil, and the last half-period represents a normal s tatus. 
The correlation coefficients for the two subperiods are 

E X H I B I T  6
Estimation Results of Risk-Free Interest Rates in EUR and USD and Default Intensities of Germany 
and the United States

Notes: The estimated parameters of the stochastic process for the risk-free interest rates and those for the default intensities are presented. The standard 
deviations are given in parentheses.
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reported in Exhibit 10. In the first half-period, the cor-
relation coefficient between the risk-free interest rate 
in USD and the default intensity of Germany is ρUSD,Ger 

= −0.2734, and the correlation coefficient between the 
risk-free interest rate in EUR and the default intensity of 
the United States is ρEUR,US = −0.3215. Apparently, these 

correlations are negative and strong. In the last half-
period, the correlation coefficient between the risk-free 
interest rate in USD and the default intensity of Ger-
many is ρUSD,Ger = −0.0202, and the correlation coeffi-
cient between the risk-free interest rate in EUR and the 
default intensity of the United States is ρEUR,US = 0.0299. 

E X H I B I T  7
Time Series of Risk-Free Interest Rates in EUR and USD

E X H I B I T  8
Time Series of the Default Intensity of Germany and the United States
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Thus, the correlation coefficients, ρUSD,Ger and ρEUR,US, 
are close to zero. In the estimation of the term structure 
of the risk-free interest rates and default intensity, the 
CDSs in a foreign currency are evaluated by assuming a 
zero correlation between the risk-free interest rates and 
default intensities. The empirical results show that this 
assumption is valid for the last half-period.

Previous studies have assumed that the risk-free 
interest rate and default intensity in the same currency 
are independent; however, they are strongly correlated 
even in the last half-period: ρEUR,Ger = −0.5007 and 
ρUSD,US = −0.2672 in the entire period, ρEUR,Ger = −0.5636 
and ρUSD,US = −0.3025 in the f irst half-period, and 
ρEUR,Ger = −0.0911 and ρUSD,US = −0.1525 in the last half-
period. Therefore, the correlation between the risk-free 
interest rates and default intensity should be considered 
to evaluate government bonds and sovereign CDS in 
the same currency.

One might suspect that an inappropriate specifica-
tion of the stochastic processes of the risk-free interest rates 
and default intensities results in zero correlations between 
the two in the last half-period. However, regardless of the 
functional forms of the stochastic processes, trends and 
directions of the risk-free interest rates and those of the 
default intensities are similar. Therefore, the correlation 
coefficients are expected to remain unchanged.

CONCLUSION

A new methodology to estimate the risk-free 
interest rates and sovereign default intensities is pro-
posed. The estimated risk-free interest rates are adjusted 
for the default risk of a government and are immune to 
its correlation with the sovereign default intensity. The 
methodology is applied to the German and US mar-
kets, and the risk-free interest rates in USD and EUR 
and sovereign default intensities of Germany and the 
United States are successfully estimated. The empirical 
study finds that the risk-free interest rate and sovereign 
default intensity in the same currency are dependent, the 
risk-free interest rate in EUR correlates with the default 
intensity of Germany, and the risk-free interest rate in 
USD correlates with the default intensity of the United 
States. The government bond yields and sovereign CDS 
premiums are functions of the risk-free interest rates 
and default intensities of a government. Thus, govern-
ment bonds and sovereign CDSs should be evaluated 
by considering the impact of the correlation between 
the risk-free interest rates and sovereign default intensi-
ties. As such, the effects of the correlation between the 
risk-free interest rate and default intensity on the CDS 
premium are left for future research.
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