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The Volatility of High-Yield Bonds Using Mixed Data Sampling
Methods
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Abstract: It is well known that economic policy uncertainty prompts the volatility of the
high-yield bond market. However, the correlation between economic policy uncertainty
and volatility of high-yield bonds is still not clear. In this paper, we employ GARCH-
MIDAS models to investigate their correlation with US economic policy uncertainty
index and S&P high-yield bond index. The empirical studies show that mixed volatility
models can effectively capture the realized volatility of high-yield bonds, and economic
policy uncertainty and macroeconomic factors have significant effects on the long-term
component of high-yield bonds volatility.
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1 Introduction

It is well known that monetary policy significantly affects the bond market’s performance.
When interest rates are high, prices of bonds usually start to fall due to the decreasing
demand for bonds. As high paying bonds with low credit rating, high-yield bonds have
not only the characteristics of bonds, but also the characteristics of stocks [Blumem,
Keim and Patel (1991)]. While they are influenced by the change of rates like other high-
grade bonds, they are more sensitive to the uncertain equity markets [Fridson and
Garman (1998)]. Concerns about economics uncertainty have increased since the
financial crisis in 2008. An uncertainty index [Baker, Bloom and Davis (2016)] has been
proposed to measure the uncertainty caused by economic policy such as tax policy,
monetary policy, industrial policy, consumption policy, etc.; however, the correlation
between economic policy uncertainty and volatility of high-yield bonds is still not clear.

In this paper, we explore the correlation between the volatility of high-yield bonds and
economic policy uncertainty using GARCH-MIDAS models [Engle (2013)]. Particularly,
we consider the influence of US economic policy, including monetary policy, taxes,
government spending and financial regulation, to high-yield bonds. The experimental
studies show the volatility of high-yield bonds always increases along with the rising
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uncertainty of monetary policy which implies a significant positive correlation between
the volatility of high-yield bonds and US economic policy uncertainty. Moreover, we
have tested the full sample and sub-ample sizes in the proposed models and results of the
full sample test are consistent with subsample tests. This result shows that GARCH-
MIDAS models are robust for characterizing the correlation between the volatility of
high-yield bonds and US economic policy uncertainty.

The contribution of our work is twofold. First, while the traditional financial model can
only used to research the same frequency financial data, GARCH-MIDAS model
provides a way to measure the relationship between low-frequency macroeconomic data
and high-frequency financial data. As a result, the GARCH-MIDAS model effectively
avoids the influence of high-frequency noise and the loss of information. Second,
GARCH-MIDAS model provides a practical investment method on high-yield bonds
market. Our empirical results have shown that economic policy uncertainty has
significant impacts on the volatility of high-yield bonds and are positively correlated.
Therefore, the proposed algorithms based on GARCH-MIDAS models can be used as
investment strategies for risk management in practice.

The rest of the paper is organized as follows. Section 2 provides a literature review for
the studies of high-yield bonds and economic policy uncertainty. Section 3 describes the
algorithms based on the GARCH-MIDAS model. Section 4 describes the experimental
studies. Finally, Section 5 presents our conclusions.

2 Literature review

Studies of long-term low-grade bonds between 1977 and 1989 indicated that the returns of
high-yield bonds were between those of stocks and high-rated bonds, and their fluctuations
were lower than those of high-grade bonds. As shown in [Downing, Underwood and Xing
(2009); Hong, Lin and Wu (2012)], the behavior and structure of high-yield bonds are
much closer to stocks than to bonds. Downing et al. [Downing, Underwood and Xing
(2009)] found that those bonds with rating BBB or lower have positive correlations with
stocks, and stock returns can be used to predict unconvertible junk and BBB-rated bonds.
Hong et al. [Hong, Lin and Wu (2012)] further indicated that the relationship between
stocks and high-yield bonds is very strong. The stock market can influence on high-yield
bonds [Zhang and Wu (2014)]. As many portfolios include high-yield bonds issued by
energy companies, studies in [Gormus, Nazlioglu and Soytas (2018)] found that oil and
ethanol markets have price transmission in the high-yield bond market.

On the other hand, it has been shown that economic policy uncertainty plays an
increasingly important role in the high-yield bond market [Colombo (2013); Dakhlaoui
and Aloui (2016)]. Economic policy uncertainty has significant implications for many
markets, such as stock market [Arouri, Estay, Rault et al. (2016)], bond market
[Wisniewski and Lambe (2015)] and crude oil market [Conrad, Loch and Rittler (2014)].
Moreover, Engle et al. [Engle, Ghysels and Sohn (2013)] proposed the GARCH- MIDAS
to deal with different frequency data. In this model, the high-frequency return of high-
yield bonds was separated into high-frequency short-term components and low-frequency
long-term components using MIDAS technology. The short-term components filter out
the noise in the high-frequency return, and the macroeconomics variables describe the
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long-term components. The idea of decomposing volatility into short-term and long-term
components can be traced back to Ding et al. [Ding and Granger (1996)], both of which
satisfy the GARCH setting. Subsequently, to relax the assumption that the unconditional
variance is constant, Engle et al. [Engle and Rangel (2008)] considered the long-term
component as the setting of the time-varying variance, and proposed the Spline-GARCH
model, but the long-term component and the short-term component keep the same
frequency in the model setting. Engle et al. [Engle, Ghysels and Sohn (2013)] combined
the mixed data sampling (MIDAS) technique and the volatility model [Ghysels, Santa-
Clara and Valkanov (2006); Ghysels, Sinko and Valkanov (2007)] into the GARCH-
MIDAS model to separate the long-term low-frequency components and short-term high-
frequency components, and the new model allowed the use of low-frequency
macroeconomic factors to characterize long-term components. Nieto et al. [Nieto,
Novales and Rubio (2015)] used the GARCH-MIDAS model to study the impact of
macroeconomics on the volatility of corporate bonds. In addition, machine learning
techniques have been widely used in forecasting a variety of complex data, such as deep
learning [Tu, Lin, Wang et al. (2018)]. Liu et al. [Liu, Xu, Yang et al. (2018)] proposed
an efficient and secure arbitrary N-Party quantum key agreement protocol.

3 GARCH-MIDAS models and algorithms

The GARCH-MIDAS model [Engle, Ghysels and Sohn (2013)] allowed us to distinguish
short- and long-run sources of volatility and link them directly to economic variables. Denote

by 7, the return of high-yield bonds on the ith day in the #th month, and by N, the
number of trading days in the 7 th month. Therefore, 7;, can be expressed as
n,=pH+t,.8.,8, i=L2,...,N, (1)

where ¢, |®,_, ~ N (0,1) , @, is the information set containing the past i —1 days

-1t
in fth month, u=E,_,, (ri’t) represents the conditional expectation of the return 7, 7,
and g, respectively represent a long-term component and a short-term component of the
conditional variance Var,_, (rm) =78,

Then, short-term component g, , follows the GARCH (1,1) process:

(ri—l,t - :u)z

t

g, =(l-a-p)+a + 2., )

with >0, f>0,and a+ [ <1.

Moreover, a logarithmic form of the long-term component 7, is specified by a smoothing

realized volatility of 7;, in a spirit of MIDAS regression and MIDAS filtering:

K
logr,:m+(92(pk(a)1,a)z)RVt7k, 3)
=
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Nl
RV, =12, 4)
i=1

where m and @ are parameters, K represents the lag order of a realized volatility RV,
and a weighted Beta function with two parameters is defined by

(k/K)" (1-k/K)™"
5 (k/K)" T (1-k/K)™T

Egs. (1) to (5) are mixed volatility models with the realized volatility, named as GARCH-
MIDAS-RV models with the parameter space ® = { ua,B,0,0, a)z} )

Oy (a)laa)z): (5)

To study the impact of economic policy uncertainty (EPU) on the return variance, let
X zpy be economic policy uncertainty factor. We consider a logarithmic form of the

long-term component 7, as follows:

Ky
logz, =my, +6, > ¢, (0,0,) Xy (k) (6)

k=1
where m, and 6, are parameters, and K, is the lag order of X, (t) .

Egs. (1), (2), (5) and (6) are mixed volatility models based on EPU, named as GARCH-
MIDAS-X models. The detail algorithms of two GARCH-MIDAS models are given as
follows.

Algorithm I GARCH-MIDAS-RV model

1: Input: 7;

2:output: @ ={y, a0, 8,0,0,m} .7,.g,,

3: Procedure:

4: Initialization: 11 =E(r,),a=0.05,8=0.9,60=0.1,0=5,m =0.01

5:for K=1,2,...,n do

6: Estimate model (3), report maximum likelihood function values
7: if Model does not converge

8: Go to step 4 and proceed to the next cycle

9: end if

10: Select the model (3) with large likelihood function values,

and update parameters and likelihood function values
11: end for
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Algorithm I GARCH-MIDAS-X model

1: Input: 7;, and X,

2:Ooutput: @ ={y, a0, B,0,0,m} .7,.g,,
3: Procedure:
4: Initialization: 11 =E(r,),a=0.05,8=0.9,60=0.1,0=5,m =0.01

5:for K=1,2,...,n do

6: Estimate model (6), record maximum likelihood function values
7: if Model does not converge
8: Go to step 4 and proceed to the next cycle
9: end if
10: Select the model (6) with large likelihood function values,
and update parameters and likelihood function values
11: end for

4 Experiment
4.1 Data

The high-yield bond data used in the experiments were gathered from the S&P U.S. High
Yield Bond Index* (denoted as HYBX) over the period from May 17, 2005 to June 22,
2015. For U.S. economic policy uncertainty index and classification uncertainty index, we
considered monetary policy, taxes, government spending and financial regulation®, and the
dataset was collected from May 2005 to June 2015, totally 122 monthly observations. The

log return of HYBX price is defined by 7, zlog(B’, /E_l’t) , where P, and P,

i1t
represent the price of the HYBX on the i th and i —1th day of the #th month.
As shown in Tab. 1. and Fig. 1, the ADF test shows the return and realized volatility of

high-yield bonds are stationary, while economic policy uncertainty, taxes and financial
regulation are non-stationary.

4 HYBX data comes from Gormus A, Nazlioglu S, Soytas U. High-Yield Bond and Energy Markets. Energy
Economics, 2018, 69: 101-110.

5> Economic policy uncertainty index and classification uncertainty index are from

http://www.policyuncertainty.com
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Table 1: Summary statistics of variables

Variable T RV, Xppu Xyp, Xras Xes, Xir,
Obs 2540 122 122 122 122 122 122
Min -0.0471 0.0000 44.7828 17.6162 24.4412 5.7772 13.2917
Max 0.0284 0.0061 283.6656 238.2866  409.2931 635.2718 877.5459

Mean 0.0003 0.0002 118.8234 78.9176 117.6617 114.2411 147.6099

SD 0.0031 0.0007 47.5611 44.4877 81.6984 125.0790 146.3837
Kurtosis 38.5649 62.2802 3.5311 4.3054 4.4503 7.9057 9.7457
Skewness -1.8055 7.1839 0.9392 1.1430 1.3573 2.1755 2.3116

JB 135244™*  17983*" 19.37** 35.23"" 48.15™" 218.57™" 339.97"
ADF -10.71™" -7.19™ -2.70 -3.86%* -2.95 -3.34" -2.49

*H% % and * indicate significant at the 1%, 5% and 10% significance levels, respectively.

Xepvis Xypys Xpay» Xgs, and X, indicate economic policy uncertainty, monetary

Ta,t > GS,t

policy, taxes, government spending and financial regulation, respectively. RV, represents

the realized volatility of the 7, , .
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Figure 1: Time series of all variables
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4.2 Models estimation
We selected a fixed time span including 22 trading days per month. In the GARCH (1, 1)
model, the short-term component used @, =1 and an estimated value of @,. The lag

order was obtained according to the likelihood function value. For a monthly explanatory
variable, K =12 means that the lag order of explanatory variable in the MIDAS is 12
months. Moreover, we used root mean square error (RMSE) to measure the prediction

1/2
effect, defined by RMSE = (T’lz;(&f —Uf )) , where 7' is a sample size, 6‘,2 and

Gtz are the estimated and realized values of the volatility, respectively. Tab. 2 reports the

estimated results of the GARCH-MIDAS model based on the realized volatility of high-
yield bonds, economic policy uncertainty and other four macroeconomic variables.

Table 2: Single factor mixed volatility model regression results

Variable e a Y/ 0 1) m LLF RMSE
RV oy rm  @an a9 Gae Gy 1979 1360s
Xppg, QT OIS OTAT 0T TN AT g sene
Xyp, QST 0TI OTMeT OUTT ST T s s
Xy, OOSTUASomeT 0dT o LT s ssieos
oo, O 0aeT T omien el 00T s s
X 00005 02730™ 07221 0.0032""  LOOII™ -ILISTO™ oo o oo

FR,t (18.86) (26.87) (80.39) (3.57) (15.10) (-14.88)

Parentheses report #-statistics. *** indicates a significance at the 1% level and LLF is a
log likelihood function.

It can be seen from Tab. 2 that the values of x in the mixed volatility model with

different explanatory variables are 0.5%, which implies that these models effectively
capture the fluctuation of high-yield bonds. From the value of @, it can be found that
realized volatility of high-yield bonds, economic policy uncertainty and other four
macroeconomic variables are positively correlated with the long-term components of the
volatility of high-yield bonds. Moreover, these regression results show that the volatility
of high-yield bonds is higher with the fluctuation of economic policy uncertainty,
monetary policy, taxes, government spending and financial regulation, respectively.
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Figure 2: Total volatility and long-term compositions of high-yield bond return fitted by
mixed volatility models in full samples

In Fig. 2, the dotted line indicates the total volatility of the high-yield bonds, and the solid
line indicates the secular volatility denoted by long-term components volatility of high-
yield bonds estimated by the mixed volatility model, i.e., 7,. It can be seen that the long-

term component of the volatility has the same trend as the total volatility, which implies
that the long-term component can reflect the overall trend of the total volatility. Particularly,
economic policy uncertainty and monetary policy can fit better than other variables.

4.3 Robust

As can be seen from Fig. 1, due to the impact of the global financial crisis in 2008, both
the return and realized volatility of high-yield bonds and economic policy uncertainty
index change more sharply. In order to test the robustness of the regression results, we

divided the full sample period between May 2005 and June 2015 into two subsamples 7,

and 7, with the cut-off point at September 2008, and constructed the models in the same

way on the two subsamples. The results are listed in Tab. 3 and Tab. 4.
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Table 3: Single factor mixed volatility model regression results in subsample 7]

Variable u a /] o 10 m LLF RMSE

Y 0.0005™*  0.3355™"  0.5999"* 0.0392"" 3.8004" -15.5382"""
EPU 2828.89  7.81E-06
’ (9.45) (6.75)  (1031)  (634)  (1.79)  (-26.64)

0.0004™* 0.3042"* 0.6711™ 0.0270™" 2.2154™ -14.1225"

Xup, 2825.89  8.01E-06
: (9.29) (7.86)  (1593)  (427)  (243) (-17.41)
0.0005™"  0.2934™*  0.6625"" 0.0281""  5.1353  -13.9748™

X, 2828.60 7.78E-06
: (9.24) (7.21)  (1431) (534 (137)  (-26.07)
0.0005"""  0.2868"**  0.6607"" 0.0534™*  5.1934  -13.9479™""

Xos, 2828.33  7.79E-06
’ (9.03) (6.98)  (13.61)  (5.81)  (1.59) (-29.27)
0.0005™*  0.2654™* 0.7139™ 0.0191""  1.9685 -13.0192"*

Xprs 2826.20 8.25E-06

(9.37) (8.04)  (2022)  (2.07)  (0.90)  (-16.38)

Parentheses report #-statistics. *** indicates significance at the 1% level, and LLF is a log
likelihood function.

Table 4: Single factor mixed volatility model regression results in subsample 7,

Variable M a p o w m LLF RMSE

X 0.0005"** 0.2833"** 0.7098™* 0.0057"* 37.8307  0.0005***

PUD.1 733530 7.17E-05
4 (15.10)  (1644)  (59.11)  (231)  (0.21) (15.10)

0.0005"** 0.1028™" 0.8972™** 0.2135™" 1.0013" -36.6920""

Xup, 7178.34  7.36E-05
: (26.64)  (24.97) (224.86) (21.00)  (323.33)  (-36.27)
X 0.0010"** 0.1300™* 0.8700"* 0.0376" 1.0012*** -24.6062"""

Tat 7107.42  7.47E-05
: (40.47)  (21.52) (164.03)  (5.17)  (87.76)  (-17.02)
0.0010"* 0.1300*** 0.8700"* 0.0376" 1.0012*** -24.6062"**

Xes, 7072.48  7.48E-05
: (40.47)  (21.52) (164.03)  (5.17)  (87.76)  (-17.02)
0.0005* 0.2729*** 0.7271* 0.0172"* 1.1028"** -18.3510™

X 722942 7.36E-05

FRE(38.66)  (49.15) (126.83)  (2.59)  (5.32) (-7.82)

Parentheses report z-statistics. ***, ** and * indicate significance at the 1%, 5% and 10%
levels, respectively, LLF is a log likelihood function.

Tab. 3 and Tab. 4 report regression results of the mixed volatility model in subsamples 7

and 7, with economic policy uncertainty, monetary policy, taxes, government spending

and financial regulation. The results show that most of the parameters in the different
subsamples are significant and correspond to the symbols of the regression parameters of
the full sample in Tab. 2, which implies that the regression results are robust. Especially,

the value u of taxes and government spending in subsample 7, is larger, which implies

that after financial crisis, the long-term components of taxes and government spending
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for the volatility of high-yield bonds is smaller. Moreover, the long-term effects of
economic policy uncertainty, taxes, government spending and financial regulation on
high-yield bonds are respectively consistent in the two subsamples, while the impact of
monetary policy on high-yield bonds after financial crisis is stronger than that on high-
yield bonds before financial crisis.

In addition, the total volatility and long-term component volatility of high-yield bond
return estimated by the mixed volatility model in the two subsamples are plotted, as
shown in Fig. 3.

Figure 3: Total volatility and long-term components of high-yield bonds return fitted by
mixed volatility models in two subsamples

In Fig. 3, the dotted line and the solid line represent the total volatility and the secular
volatility denoted by long-term component volatility of high-yield bonds fitted by the
mixed volatility model, respectively. It can be found that for economic policy uncertainty
index, monetary policy, taxes, government spending and financial regulation, the total
volatility of high-yield bonds is almost consistent with the long-term component
volatility in two different subsamples.

5 Conclusion

In order to avoid the information leakage caused by the same frequency data, we have
used GARCH- MIDAS models with a decomposition of a volatility into short-term high-
frequency components and long-term low-frequency components to examine the
relationship between low-frequency macroeconomic variables and high-frequency
financial market volatility. Moreover, based on two types of GARCH-MIDAS models,
we have investigated the impact of economic policy uncertainty on the volatility of high-
yield bond market. The empirical results show that both the realized volatility of high-
yield bonds and the macroeconomic factors are positively correlated with the long-term
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components of high-yield bonds. This result indicates that investors can predict the
volatility of high-yield bonds from the macroeconomic information.
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