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Forecasting the Term Structures of Treasury and Corporate
Yields Using Dynamic NelsonSiegel Models

1. Introduction

Forecasting the term structure of interest rates plays a crucial role in portfolio
management, household finance decisions, business investment planning, and policy
formulation.Improved methods forigld curve modeling and forasting have been
getting more and more attention recently. It is well known that therlpitrage models
(Ho and Lee, 1986; Hull and White, 1990) only focus on istmacture crossectional
fitting. Although they are the most common, the affine equilibrimodels (Vasicek,
1977; Cox, Ingersoll, and Ross, 1985; Duffie and Kan, 1996; Dai and Singleton, 2000)
only pay attention to instantaneous short rates and result iryigtsbcurveforecasts
(Duffeg 2002).To provide an improved forecasting model fog theld curveDiebold
and Li (2006, hereafter DL) exteedithe parsimonious threfactor (exponential
components) yield curve modafl Nelson and Siegel (1987) to the dynamic form.
Compaedto theno-arbitrage and affine equilibrium modgls DL 6 s ¢lgona mi c
Siegel factor autoregressivearder 1, AR(1), model produceddperior outof-sample
forecastof US Treasury yields, especiaby thel-yearaheadchorizon

DL useal a simple twestep approach, in which they first estimate three factors, then
modeland forecast thenDiebold, Rudebusch, and Aruoba (2006, hereafter DRA)
proposé a onestep approach that usastatespace model to do factor estimation,
modeling, and forecasting simultaneously. They aidbat the onestep statespace
approach proviés a unified framework and should improve-ofisample forecasts. In

their study however they did not pdorm any outof-sample forecastvaluations. In this
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paper, we bridge the empirical gapd evaluate the ocwif-sample forecasting
performance obne-step and twestep dynamic MIsorSiegelmodelsas well as some
common competing model®Ve find, surprisingly, that the statgpace approaaloes
notimprove outof-sample forecasts for Treasury yields. The simptestepAR(1)
method of DL is still te most accurate forecasting model.

Many financial institutions and academies have devatedtantiatesources to the
measurement and management of credit (defaultprisk the past decadéess
attention, however, has been paid to modeling and-smmes forecastingf credit yield
curves.To partiallyfill this gap, we use the dynamic NelseBiegel thredactormodel
bothonestep and twestepapproachedo model and forecasAAA, AA, A+, A, A -,
BB+, BB-, B, and B rated corporate bongields. The different nature of interest rate
data from various credit rating bonds provides a broadieerse to evaluate timeodel®
predictability.We find that Treasury yields amvestmerigrade(AAA, AA, A+)
corporate yields share similar results: tiwe-stepAR(1) method produces superemd
robust owof-sample forecastsWe findthatthe onestepstatespace approacimowever,
beatsthe AR(1) approach for thhigh-yield (speculativepbonds (A, BB+, BB-, B, B)
where thanodelparameters are more lilggo be timevarying.

It is desirable to know the lortgrm forecast performance of yield curve models for
long-term investments and portfolio management, especially for longer maturity Bonds.
successful moddbr shortterm forecastinghoweverdoesnot necessarilyproduce good
long-termforecastsDL only provided shortterm outof-sample forecasts {honth, 6
month, and 12nonth ahead). In addn to shortterm forecastsye alsoevaluatdong

term (36monthand 6@month ahead) forecasté Treasuy and corporate yield§Ve find



that the performances tifemodel®shortrun and longrun predictions are differenand
thatlong-term forecasts of high yield bonds frahe onestepAR(1) modelarevery
robust

In summarywe provide four contributies. First, we evaluatand comparéhe
forecasting performance bbth the onestep and twestepdynamic NelsorSiegel three
factor model. Second, we model and forecast Treasury and corpornatgelds. Third,
we evaluateshortrun as well as longun forecasts. Fourthwe provide aobustness
checkby usng a differentand more recermtata sourcganging from 1994:12 to 2006; 4
than DL who use data from 1985:1 to 2000:12

The rest of the paper is organized as follows. Section 2 presents the modateand

Section 3 reports the evaluation for forecasting. Section 4 concludes.

2. Model and Data
2.1.NelsonSiegel Model

Nelson and Siegel (1987) introduced a parsimongoubnfluential threefactor model

for zero coupon bond yields
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wherey; denotegheyield at timet, and¢; is the maturity of bond which usually ranges
from 3 montisto 30 yeas. The parametef determines the rate of exponential decay.

The three factors arh,,, b, , and b, . The factor loading o, is 1,andloads equally

at all maturitiesAs a resulta change inb,, changes all yields uniformly.iereforeit is

! The original NelsofSiegel model is slightly different from equation 1, which is a modified onelby D
DL explains the reasons for this revision.



calledthelevel factor As #; becomes largerd, playsamore important role in forming
yieldscomparedo thesmaller factor loadings o, and &, . In the limit, y, (= ) &,
and sab, is also calledhelong-term factor The factor loading om,, is(1 €’ /)// ¢,

which is a function decaying fast and monotonically to zer increaseslt loads short
rates more heavilthan long rate consequentlyit changes the slope of the yield curve.

Hence, b,, is ashortterm factor which isalso calletheslope factof The factor

loadingonb, is (L €' %) // ¢t e !, whichis a functiostarting out at zercs not

short term) and decaying to zero (not long term) with a humped shdpemiddle It

loads medium rates more heaviyccordingly, b, is themediumterm factor It is also

calledthecurvature factobecausen increase irb, will increase the yield curve

curvature
Figure 1 illustrates thBelsonSiegelfactor loadingsvith / = Oand) # (.061,
the values of used by DL and DRA, respectivelyhe shapes of the loadingsarot
very sensitive to small changes/in The NelsorSiegel three factor model can capture
different kinds of yield curves, including upward sloping, downward sloping, humped
and inverted humpéd Figure 2 presents the yield curve predictedi®Nelson-Siegel
Model and the realized interest rates of Treasury bonds, A+, BB+,-autjibrate
bonds in December 2004. It is apparent that the exponential component model has good
in-sample predictions (especiaflyr Treasury yields) in spite of its parsimous

structure.

? Some authors defirtbeyield curve slope ag (= ) y(0 , whichfrom (1)equalss, - (b + b = ;.

3 Litterman and Scheinkman (199d3e the principal component method and find the same number and
similar pattern of factors in Treasury bonds.



2.2. VAR(1) and AR(1) factor modelsi Two step approach

Despiteits success in crossectionainterpolationof yields across maturitiethe Nelson
Siegel model is nawell suitedfor outof-sampletime seriedorecastdecause the famts
b,, b, ,and b, do not stay constant over timEhis motivateDL to extendthe Nelson
Siegel modeto adynamic formin which the factors are time varyin@heypropose
two bentimark modeldor the evolution of the factora multivariate vector
autoregressive VAR(Inhodel forb = (by, boy, b3y)'; andunivariateAR(1) models forby

(i=1,2,3) DL followed a twoestep method in which thdyst estimatethethree factor®,, ,

b,,, and b, by least squasperiodby period assuming a fixed value fér and then

usethe estimated factofg,, &, and & to forecasfuture values ofhe factors For
examplethe forecasts from the unconstrainé8lR(1) modelare computed using

E.=EE£g )

where € and Eare estimated by regressilﬁ on an intercept anqﬁ:_ « - Similarly, the
forecasted factors from the univarigd® (1) models are computed using

Ejﬁhn =& +y Jt% I B2 3
Given the projected factors computed in (2) or (3), the predicted term structure of yields

is formedusing

= = a-e''6g g &-€’'f .0
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We follow thistwo step method fdiorecast horizosof h=1, 6, 12, 36, and 60

months We alsouse iterated forecasisstead of direct forecasts for the mydgriod



ahead predictioh Marcellino, Stock, and Watson (2005) argitteat iterated forecasts
are more efficiehwhen the model is correctly specified and the forecast performance
will improve with the prediction horizon. They conclaidéat the direct mukperiod
forecasts are more robust when the model is misspecified. The compdntsyated and
direct foreasts is not the main focas$ our paperTherefore, we use the formmethod
based on the assumption of correct model specification.

Following DRA, we fix / =0.077to simplify computatios’. We notethata prudent
choice of/ maybe able to enhance forecasting ability. For egi@mYu and Salyards
(2009) foundhat there is a substantial differenoehe optimal/ between investment
grade and speculativgrade bonds. Koopman et é2008) alloved / to be timevarying
by treating it as the fourth factor modeled jointly with other factors. Because the main
focus of this study is to evaluate the estep state space approach compared with the

two-step approach, wiex / , which isthe method used by DL and DRA

2.3.State Spacanodeli One step approach

DRA argue that the twestep procedurased by DLsuffers from the fact that the
parameter estimation and signal extraction uncertainty iassdavith the first step are
not considered in the second step. They propdsear Gaussiastatespace approach
which uses a onstep Kalman filter, a recursive procedure for computing the optimal
estimator of the state vector at titngiven the infomation available at timg to

simultaneously do parameter estimation and signal extraction in the dynamic-Nelson

* lterated forecasts are performed by using ameréod ahead model and then iterating forward to the
target number of periods.

®Using/ = 0.077 implies that the loading on the curvature factor is maximized at a maturity of 23.3
months. If/ =0.061,the value used by Dlthe curvature factoloading reaches its maximumatnaturity
of 30 months.



Siegel modelThey suggest that the oseep approach is better than the {step
approach because the simultaneous estimation of all pan@npedduces correct
inference via standard theory.

The measurement (observation) equatiothettatespace fornfor the dynamic

NelsonSiegel models
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which relates the obseed yields to thelatent factorgstate variables) and measurement
errors. The transition equatiodescribes the evolution of the state variablesfasta

order Markov processnd is given by
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To identify the model and simplify computatgnve restricthe transition matrixd to be
diagonal as the three factors shostdwlittle correlaton theoretically and empiricallsis

argued by DRA. Wassumehatthemeaurement and transition disturbances are



Gaussiamwhite noise, diagonal and orthogonal to each other as the standard tredtment

the state space model (see Durbin and Koopman, 2001)
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The initial value ofb is assumed to b&l(u, P). We use the mean tfefactors

88’

estimatedrom the first step of the orgtep AR(1) approachsthe value foru. We

specify P = cl, wherecis a large number, i.e. $ 0o give a diffuseriitialization

Because¢he Kalman filter prediction equations produce estepahead predictions of the
state vector, we can compute the-ofssample forecasts frothese equationsy
extending the data set with a set of missing values. For examplejemsegh missing

values at the end of the sample will produce a skitstépahead forecasts

2.4.Data
We use the enaf-month zerecoupon bond rassof US Treasury bonds, Standard and
Poor 6s rati ng -ABBA BB, BAand Bearporatdbhonddaken from
Bloomberg, over the periddecember 1994 to April 2008Ve analyze the raw zero
coupon yield data directly, unlike DL, who ulsthe FamaBliss (1987) filter for cleaning
their data. The maturities of bonds includ&@, 15, 20, and 30 years.

Table 1 reports summary statistics of yiedld data We find two stylized facts about
average yieldsFirst,asmaturitiesincreaseyields rise and smn average, the yield

curves are upwardloping and term spreads are positiVais is seen in Figure $hich

® We estimate the line@aussian statspace model using-BLUS 7.0 with the SsfPack functions
implemented in the S+Finmetrics 2.0 modatedescribed in Zivot, Wang and Koopman (2004) and Zivot
and Wang (2006).



presens the time series of yields for atlaturities.We notice thatte term spread
narrows in 1999 an@000,widensbetween 2002 and 2005, attenshrinks in 2006.
Second, abondratings declineyields risewhichimplies that, on average, the=dit
spread is positivelhis is illustrated irFigure 4 whichpresents the credit spread time
series for each corporate boiithe credit spread is calculatedthe differencéetween
thecorporate yielcandthe Treasuryyield of the same maturityFigure 4 showshe
asymmetrianovement of yieldgn arecession. The recession in 2001 raised credit
spread®nly alittle in investmerigrade bond(above BBB) while it increased credit
spreads much more in high yield (below BBB ratings, also called sp&ejlatnds.

Table 1 also shows thathen the bonds are investma@madedtheshort ends of the
yield curves are more volatile than the long ends. When the ratings of bonds are lower,
the short ends and long ends are volatile while the middle part d§ yiak smaller
volatility. The high yield bonds, generally, are more volatile than the invesinaadé
bonds. All rates are highly persistent as shown by the first order sample autocorrelation
coefficients. In generathe short ends dheyield curvesare more persistent than the

long ends.

2.5.Dynamic NelsonSiegel Models Estimation Results

For the twestep approactve first use least squaresastimate the level, slope, and
curvature factors period by perioding (1) These factorareusedas datan theVAR(1)
and AR(1)modelsin the second stejn the onestep approaclwe estimatehe state
spacemodel Equation 6 and )3y maximum likelihoodFigures 5 to 8, respectively,

show the time series of estimated facfoosn the two approacheas wel astheir
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common empirical proxie$or Treasury, A+ corporate, BB+ corporate, andcBrporate

yields. Forthelevel factor, its empirical counterpart is the average of dbamt (1 year),
mediumterm (2 year), and longerm yields (10 year): (y1+y2+y)i3; for theslope

factor, its empirical counterpart is410; and forthe curvature factor, its empirical

counterpart is 2y2-y1-y10.” Generally, the Treasury, A+, and BB+ yields have similar

level, slope, and curvature factors, while the dynamit¢kedB-c or por at e bondos
is quite differentWe will explainsomepossible reasons for thifferencein the

following section

3. ForecastEvaluation

In this section, W assss the oubf-sample predictive accuraoy various modelsWe
conside forecasts from models fit to yields only as well as a model that also utilizes

additional macroeconomic information.

3.1. Yieldsonly modek

In addition to the onstep and twestep dynamic NelseB8iegel models, we also consider
a subset of competingrecasting models used by DL. The yetthly models we
consider areModel 1- VAR(1) NS factor Model 2- AR(1) NS factoy Model 3- state
space NS factoModel 4- random walkand Model 5 VAR(1) on yield levels. The
random walk model uses the currgatue aghe forecast at all horizon¥he VAR(1) on

yield levels presumes that there is neither integrated nantagrated series in the data.

" DRA usethe 3-monthyield asthe shortterm yield.Because Bloombrg doesnot have data for-8honth
yields, we usehe 1-year yield as the shosterm yield

11
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3.2. The Yieldsmacro Model
In addition to the yield®nly models, we also consider Model &yield curne model
with macroeconomic variablelt is well known that macro variables are related to the
dynamics of yields cunssandtheir inclusion in yieldsonly modelsshouldimprove
forecasts. For example, Ludvigson and Ng @aihd that real and inflation acro
variables have predictive power for future government bond yields. Ang and Piazzesi
(2003) find that imonth-ahead oubf-sample VAR forecast performance of Treasury
yields is improved when rarbitrage restrictions are imposed and macro variables are
incorporated. DRA also incorporate three macroeconomic variables (manufacturing
capacity utilization, the federal funds rate, and annual price inflation) into the#r state
space model and analyze the impulse response functions and variance decompbsitions o
the yieldsmacro model. Instead of analyzingsgample interactions between yields and
these macroeconomic variables as in DRA, we focus on thef-@aimple forecast gain
by including these macroeconomic variables.

Our Model 6 is a twsstep modethatintegrate three macro variablésto Model 1
(VAR(1) NS factor) annual personal consumption expenditure inflation fatEeL(), the
log of manufacturing capacity utilizatio@{), andthe effective federal funds rate

(FFR)® . The first step ishe @me asn Model 1. The second step of Modeli§es
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8 Macro data arebtainedonlinefrom Federal Reserve Economic D@ERED).
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to forecast future factorsVe do not incorporate macro variables into Model 3 (state
space NS factor) because we asstiméransition matrixT is diagonakndthere wil be

no information gain by including macro variablége alsodo not incorporate macro
variables into Model 5 (VAR(1) on yield levels) for two reasons. First, we believe that
macro variables will not improuthe prediction accuracgf anunrestricted VAR(1) on

yield levek as concludetty Ang and Piazzesi (2003). Second, because Model 5 already
has 13 variables for different matueg adding three more variables wilirther reduce

the degreesf-freedomof an alreadyigh-dimensional VAR.

3.3. Out-of-sample Forecasts
For the onestepahead oubf-sample forecastwe use data from 1994:12 to 2004: 4 as
thein-sampleperiodand 2005:5 through 2006: 4 (24 predictionsjh@out-ofi sample
period We use a rolling window testimate the parametesEeach model based on the
most upto-date information available at the timetbé&forecast. For example, we use
data from 1994:12 to 2004:4 to forecast 200&&use data from 1995:1 to 2004:5 to
forecast 2005:6and so onFor longerhorizonforecass, in order to keep 2dut-of-
samplepredictions, we have to decrease theample size. For instande,compue the
6-monthahead forecast, we use data from 1994:12 to 20@&daur first prediction
will be for 2005:5.

To evaluate odbf-sample foreasting performance, we ugeroot mean squared
forecast errors (RMSE),

[A (e - W)/ 2417 (12)

wherey,,, is the realized yield ang}‘fi”is the prediction made by different modets.
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Table 2, ve show the evaluation resufts 1, 3, 5, 10, 3§/ear maturities for Treasury

bonds. The bold numb®gon the bottom rovior each modelepresents their average

RMSE acrosd, 3, 5, 10, and 39ear maturitiesTo simpify the evaluation outpdor the
ninecorporate bondm Tables 3 and,4ve only present the average RMSE of 1, 3, 5, 10,
30-year maturities. For the last two columns in each table, we also present the average
shortterm RMSE: (1 month ahead + 6 month ahead + 12 month ahead RMSE)/3; and the

average longerm RMSE: (36 month ahead + 60 month ahead RMSE)/2.

34. ForecastResults

First, consider the results for Treasury yieldJ able 2Model 2 (NS factor AR(1)
model) has the lowest average siterm RMSE, 0.485and the second lowest avgea
long-term RMSE, 1.954. Model 4 (random walk) has the lowest-temrg RMSE, 1.663
Table 3 illustratesimilar results for AAA corporate yields and A+ corporate yields.
Model 2 produces the best shtwtm forecastwhile Model 4 produces the best leng
term forecast For AA corporate yields, Modeli& the bestor both shorterm and long
termforecastsFor theremainingcorporate yields, the results are mixed, espediatly
shortterm forecast(1, 6, and 1anonth ahead). For the shderm forecashorizon,
Model 5 (VAR(1) on yields level) ibest forA (RMSE: 0.569) and A(RMSE: 0.513)
corporate bonddSable 4 shows thadilodel 4 is the best for BERMSE: 0.638) and B
yields (RMSE: 0.560). Model 3 (NS factor stafgace approach) is superior BB+

(RMSE: 0.556) and B(RMSE: 0.739). For the lorggrm forecast horizon (36 and 60

14



month ahead), Model 2 is the best for BB+ (RMSE: 2.408},[BBISE: 2.42), B

(RMSE: 3.023), and BRMSE: 3.375) yields

3.5. Short-Term Forecastsfor One-Step and TwoeStep Approaches

Ourresults show that model which has good insample fitmay notnecessarily
produce the bestut-of-sample forecast$n addition,when the credirisks (spreads)
become highetheNS factor AR(1) shorterm forecast performance deteatesand the
state space model performance improvdseaverage shoiierm RMSE increases from
0.485 for Treasury yiekito 1.056 for B yields. Although Model 3 is always suboptimal
in forecasting altypesof investmenigrade bonds, its shetérm forecasts are very stable
for nontinvestmengradebonds. Its RMSE is the lowest for BB+ yield (0.556) and B
yield (0.739), while it is the second lowefstr A- yield (0.562), BB yield (0.562), and B
yield (0.602).In generalModel 3providesthe mosteliable outof-sample forecastor
highly risky bonds.

A possible explanatiois that the statepace model, which was designed for time
varying parameters, rmostrobust in the environment of parameter instability,
nonlinearity and nomormalityfor which the speculative bonds most likedyist For
exampleFigure 8 shows thdhe level factor of Byield exhibits asteepstructural
decline from 18 to 10 in early 2008loreover Yu and Salyards (200@)se the principal
component methodndfind adichotbomy of factor loadings between investmgnade

and speculativgrade yields. The finding supports multiple optimal solutions

° Finally, it is worth noting that Model 1 (NS factor VAR(1)) is inferior to ModeNS(factor AR(1)) for

all kinds of bonds because the constructed three factors (level, slope, curvature) by exponential components
are supposed to be uncorrelated. Consequently, this result supports our assumption on Model 3, in which
the transition matriX is diagonal

15



/ across different ratings of bonds. If the model was constrained for some reasons (e.g.
we fix / for simplicity in this study), then the staspace approach will mitigate the loss
of inferior model selections.

In generalwe findthat the risky corporate bonds are not much harder to predict than
Treasury bonslif we choo® the appropriate modéflodel 2 ispreferred tdVlodel 3for
investmenigrade bondsModel 3 however, is robust for neinvestmenigrade bondsat

the shortterm forecast horizon.

3.6. Long-Term Forecastsfor One-Step and Two Step Approaches

It is surprsing to see that Modelig superiorfor long-term forecashg of BB+, BB-, B,
and B high-yield bonds. Although Model 2 only h#fselowest RMSHor AA yields
among investmergrade yields, it ishesecond best modé&r Treasury, AAA, and A+
yieldsfor long-term forecast In contrast tahereliable forecasting ability of Model &
theshortterm horizon, Model 2 providanore reliable longermforecastsA possible
reasorfor this dichotomyis that the longerm forecasts of yields weight more ireth
steadystate equilibrium level thashortterm forecasts. The simpheR(1) model
assumes that time series are stationary and thetefar¢éerm forecasts revert tong-
run levels On the other hand, the stajgace approach is based on the unifiecctiral
analysis and recursively oistepahead irsample forecast updates from Kalman filter. It
is supposed to forecast enftsample well in the short run, especially for the complex
datagenerating structure, such as highld corporate bonds. The sajrextracted from

updating data via the staspace approach is less informative in the {targn horizon.

16



3.6.Forecasts ofYields-macro Model

We find that introducing macroeconomic varialtge the yields level VARmproves

someyield curve forecast That isModel 6 outperforms Model 1 on Treasury and many

of the corporate yield&orshortt er m f or ecasts, Model 60s RMSE
16s on Treasury (0.603 v.s. 0.658)5 AAA (0.6
(0.567 v.s. 0.892), B- (0.652 v.s. 1.026), B (0.629 v.s. 1.046), and®794 v.s. 1.276).

Model 606s RMSEs are similar to Model 16s on
0.615). Model 606s RMSE is higher tHoan Model
long-term foreasts the benefits ofising additional macroeconomiariablesarenot as

clearct Model 60s RMSEs are | ower than Model 1
AAA (2.827 v.s. 3.157), A(2.848 v.s. 4.127), and BB19.539 v.s. 105.3) while higher

on A+ (3.09 v.s. 2.124), A (3.033 v.s. 2.572), B (11.519 v.s. 7.721), arfgl.&L1 v.s.

4.170).

3.7. Forecastimprovements

Some longterm forecast erroygspecially 36nonth ahead, arxtraordinarily largeFor

example, in Table 2, Modebl& yearand 3yearRMSEs atthe 36-month aheatiorizon

arel1.9777 and 6.852espectively There are three possible reasons for these extreme

forecasts(1) the modelparametes exhibit structurabreals during the outof-sample

periods;(2) there are some outliersine yield data(3) the sample size is small.

Stock and Watson (1999) pointed out that #Acr
adjusted by human judgment. To mimic a forecast adjustment procedurseave

interpolationmethod to replace extree forecast¢defined as valuesver some absolute

17



number for 3émonthahead forecastsUsing such a methoeve can reducthe 36-
monthaheadRMSEs of Model 1substantially. For the 1, 3, 5, 10, 30 year bonds, the
RMSEs drop froml1.977, 6.852, 4.086, 2.226, 2.653%148, 1.691, 685, 1.470, 1.655
respectively.

The interpolation method &d hocand requires human interventigks an alternative,
we consider a purely statistical approach baserbbuostregressiormethodto detect
and adjust for potential oigts and level shiftS. Using such a methodhe averagg6-
month ahea®RMSE of Model Ifor AAA bonds which was 4.20@sing norrobust
methods declines to 2.143 using the robust methAithough the robustiethod reduced
the RMSE for these forecastsiritreasd the RMSE othe shorer-term forecast For
example, the -monthrahead RMSE riggfrom 0.567 to 1.068This increase occurs
because¢herobust methodnodifiessomedata informatioras the outliers and level shifts
are adjustedwhich is usefufor shortterm forecast. The ad hoc interpolation amdbust
method canbeappliedto Model 1, 2, 3, 5, and 6 amkre found tdbeat the random
walk mode] which performs the best lorigrm forecasts on Treasury (RMSE: 1.663),
AAA (RMSE: 1.906), and A+ (RISE: 1.962) yieldS. Even with the use of these
methodsthe conclusioawe reach regarding the modétompditiveness remain the

same.

4. Conclusions

We provide a comprehensive shoerm and longerm forecasting evaation of the twe

step and onstep approaches Bliebold and Li (2006) and Diebold, Rudebussing

1 For details, see Zivot and Wang (2006) Chapter 17.
1f the random walk model dominates, it implies that other forecasting methods are useless.
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Treasury andhine different ratings of corporate bonti¢e find that thesimple twestep
dynamic Nelsoriegel factoiAR(1) model survives a long list oflvastness checks on
out-of-sample forecast accuracy, especiédlyinvestmenigrade bondst shortterm
horizors and higlyield bondsatlong-term horizos. The onestepthe dynamic Nelson
Siegel factor statspace modédhas the best performance fogh yield bondsatshort
term horizors, in which credit risk spreadsave more influence on yields dynamics and
modelparameter instability is more likely to exig¥e also show thafiorecastfrom the
NelsonSiegel factor VAR(1) modeaian be improvetly incorprating macroecomoic
variables. Nevertheless, this yielomcromodebk remainsuboptimal compared with the
parsimonious NS factors AR(1) model investmerigrade yields in the short run and
speculative gradgields in the long run.

Ourfindings suggeasthatfor reattime forecas, the multivariatestatespace model
computed bythe Kalman filter is not necessarily better ththe simpleunivariateAR(1)
modelcomputed by least squard$e preferred modelepends on the nature of data and
the forecashorizons. The statspace model can predict better (even than the random
walk model, especially in the shddrm forecasts) if the data and its implied state or

hyperparameter is more likely tinvarying and unstable.

19



Reference

Ang, A. & Piazzsi, M.(2003. A No-arbitrage Vector Autoregression of Term Structure
Dynamics with Macroeconomic and Latent Variablekurnal of Monetary
Economicsh0, 74587.

CochraneJ. & Piazzesi, M.(2005. Bond Risk PremiaAmerica Economic Revie@w5:1,
138-60.

Clements, M. P. &Hendry, D. F.(199%). Intercept Corrections and Structural Change.
Journal ofAppliedEconometricsll, 475-94.

Cox, JC., Ingersoll J. E. & Ross, S. A (1985. A Theory of the Term Structure of
Interest Rate€£conometrica53, 385-407.

Dai, Q. & Singleton, K.(2000. Specification Analysis of Affine Term Structure Models.
Journal ofFinance 55, 194378.

Duffee, G.(2002. Term Premia and Interest Rates Forecasts in Affine Modelsnal
of Finance 57, 40543,

Diebold, EX. & Li, C. (2006). Forecasting the Term Structure of Government Bond
Yields. Journal of Econometricg,30, 337-64.

Diebold, EX., RudebuschG. D. & Aruoba,S. B (2006). The Macroeconomy and the
Yield Curve: A Dynamic Latent Factor Approackournal of Econmetrics, 131,
309-38.

Durbin, J-C. & Koopman, S. J(2001). Time Series Analysis by State Space Methods.
Oxford: Oxford University Press.

FamaE. & Bliss, R.(1987). The Information in LongMaturity Forward RatesAmerican
Economic Review'7, 680-92.

Harvey, A (2006) Forecasting with Unobserved Components Time Series MddelS.
Elliott, C. W. J. Granger, & A. Timmermann (Edshlandbook of Economic
Forecasting AmsterdamNorth Holland

Ho, T. S.Y. & Lee, S-B. (1986). Term Structure Movemen@nd Pricing Interest Rate
Contingent ClaimsJournal ofFinance 41, 1011-29.

20



Hull, J. & White, A (1990). Pricing Interest Rate Derivative Securitidgeview of
Financial Studies3, 573-92.

Koopman S. J., Mallee, M. & der WelM. (2008. Analyzing theTerm Structure of
Interest Rates Using the Dynamic Nelssiegel Model with Timevarying
Parameterslournal of Business and Economic Statisticghcoming

Litterman R. & Scheinkman,J. (1991). Common Factors affecting Bond Returns.
Journal of Fixedncome 1, 54-61.

Lusvigson S. & Ng, S. (2008). Macro Factors in Bond Risk Premidhe Review of
Financial Studiesforthcoming

Marcelling M., Stock, J. &Watson, M W. (2005. A Comparison of Direct and Iterated
Multistep AR Methods for Forecasting édroeconomic Time Seriegournal of
Econometrics135 499-526.

Nelson, C. R. & Siegel, A (1987). Parsimonious Modeling of Yield Curve3ournal of
Business60:4, 473-89.

Stock J.H. & Watson, MW. (1999). A Comparison of Linear and Nonlinear Uniiae
Models for Forecasting Macroeconomic Time Serles.R. F. Engle & H. White
(Eds.),Cointegration, Causality, and Forecastingxford: Oxford University Press.

Vasicek O. (1977). An Equilibrium Characterization of the Ter8tructure Journal of
Financial Economicss, 177-88.

Yu, W. C. & SalyardsD. (2009. Parsimonious Modeling and Forecasting of Corporate
Yield Curve.Journal ofForecasting 28, 73-88.

Zivot, E, Wang, J.& Koopman, S.J(2004). State Space Miels in Economics and
Finance, m: A. Harvey, S. J. Koopman & N. Shephaf#ds.), State Space and
Unobserved Component Modezdambridge University Press

Zivot, E. & Wang, J.(2006). Modeling Financial Time Series withF8.US (Second
Edition). New York: Springer.

21



Table 1. Summary Statistics of Treasury and Corporate Yields

1 2 3 4 5 6 7 8 9 10 15 20 30
Maturity year year year year year year year year year year year year year

Sample Mean

Treasury 419 448 4.69 4.87 501 515 529 541 551 5.60 595 6.06 5.83
AAA 462 489 513 537 552 567 581 593 6.01 6.08 651 6.81 6.64
AA 469 496 520 544 559 574 590 6.01 6.09 6.16 6.62 6.95 6.85
A+ 479 5.07 533 558 572 588 6.04 6.15 6.23 6.27 6.80 7.14 7.03
A 487 516 543 567 582 598 6.15 6.27 6.34 6.40 6.93 7.27 7.16
A- 498 5.28 555 579 595 6.13 6.31 641 6.49 655 7.08 7.43 7.29
BB+ 6.13 6.45 6.74 699 7.20 7.36 7.53 7.67 7.81 7.93 8.44 8.72 8.56
BB- 6.84 7.23 757 790 815 8.34 854 8.68 881 893 951 9.89 9.82
B 7.84 831 8.68 9.03 9.27 9.43 9.61 9.73 9.83 9.92 10.47 10.88 11.09
B- 8.73 9.26 9.71 10.06 10.33 10.48 10.65 10.78 10.89 10.98 11.44 11.83 11.88

Sample Standard Deviation

Treasury 186 1.71 155 141 131 1.21 113 1.07 1.02 0.98 0.86 0.83 0.78
AAA 1.87 173 158 140 131 121 1.11 1.05 1.00 0.96 0.79 0.75 0.91
AA 186 1.71 155 139 131 120 1.11 1.05 1.01 0.97 0.80 0.76 0.86
A+ 186 170 154 138 1.30 1.21 112 1.06 1.02 0.98 0.82 0.80 0.89
A 183 168 151 135 1.29 1.20 112 1.07 1.02 0.99 0.82 0.82 0091
A- 179 163 148 134 125 117 111 1.06 1.02 0.98 0.83 0.85 0.87
BB+ 154 141 129 121 116 111 1.07 1.04 101 1.00 1.04 1.13 1.20
BB- 165 151 143 136 133 130 128 124 121 119 1.18 136 1.36
B 183 159 147 143 143 143 143 143 146 148 150 1.74 222
B- 209 180 160 153 159 162 166 1.73 180 186 198 229 225

Sample Autocorrelation / AR(1) Coefficient

Treasury 0.98 097 097 0.96 096 0.95 0.95 094 094 0.94 0.93 0.94 0.94
AAA 0.98 0.97 0.97 0.96 096 095 0.95 094 094 093 091 0.92 0.94
AA 0.98 0.97 0.97 096 096 0.95 0.95 0.94 094 094 0.92 0.92 0.92
A+ 0.98 097 097 096 096 0.95 095 095 094 0.94 0.93 0.93 0.93
A 0.98 097 097 096 096 0.95 095 095 094 0.94 0.93 0.94 0.92
A- 0.98 0.97 0.97 0.96 096 0.95 0.95 0.95 0.95 094 094 0.95 0.93
BB+ 0.98 0.97 0.97 0.97 096 096 0.96 0.96 0.96 0.96 0.95 0.94 0.93
BB- 0.97 096 096 0.96 096 0.96 0.95 096 0.96 0.95 0.94 0.93 0.94
B 0.97 097 097 0.96 0.97 0.97 097 097 096 0.96 0.95 0.94 0.93
B- 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.96 0.95 0.91

Data SourceBloomberg The data ishe endof-month zerecoupon bond rate for US Treasury bonds, S&meati
AAA, AA, A+, A, A-, BB+, BB, B, and B corporate bonds from December 1994 to April 2006
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Table 2. Treasury Yields Out of Sample Forecast Evaluation
Root Mean Squared Errors (RMSE)

1 month 6 month 12 month 36 month 60 month Average Average

Maturities ahead ahead ahead ahead ahead 1,6,12m 36, 60m
Model 1 lyear 0.230 0.904 1.903 11.977 2.526 1.012 7.251
NS Factors 3year 0.352 0.814 1.442 6.852 1.946 0.869 4.399
VAR(1) Syear 0.278 0.381 0.678 4.086 1.835 0.446 2.960

10 year 0.248 0.331 0.408 2.226 1.417 0.329 1.822
30 year 0.318 0.649 0.931 2.653 1.413 0.633 2.033
Average 0.285 0.616 1.072 5.559 1.827 0.658 3.693

Model 2 lyear 0.217 0.519 0.786 4.062 2.524 0.507 3.293
NS Factors 3 year 0.292 0.400 0.448 2.207 2.010 0.380 2.109
AR(1) S5year 0.291 0.393 0.437 1.554 1.908 0.374 1.731

10 year 0.257 0.464 0.630 1.085 1.480 0.450 1.282
30 year 0.335 0.732 1.078 1.256 1.457 0.715 1.357
Average 0.278 0.502 0.676 2.033 1.876 0.485 1.954

Model 3 lyear 0.695 0.481 1.108 6.622 1.792 0.761 4.207
NS Factors 3year 0.417 0.975 1.726 6.956 1.223 1.039 4.090
State-Space 5 year 0.296 0.625 1.180 4.992 0.953 0.700 2.972
10 year 0.257 0.432 0.752 2.644 0.714 0.480 1.679

30 year 0.432 0.375 0.650 0.749 0.650 0.486 0.699

Average 0.420 0.578 1.083 4.392 1.066 0.693 2.729

Model 4 lyear 0.263 0.887 1544  2.170 2.761 0.898 2.465
Random Walk 3 year 0.281 0.633 1.087 1.561 2.294 0.667 1.927
5year  0.282 0.484  0.708 1.128 2.182 0.492 1.655

10 year 0.248 0.356 0.506 0.760 1.662 0.370 1.211

30year 0.207 0.477 0.755 0.900 1.211 0.480 1.055

Average 0.256 0.568 0.920 1.303 2.022 0.581 1.663

Model 5 lyear 0.275 0.949 1.880 38.387 2.880 1.035 20.633
Yields Level 3year 0.331 0.709 1.247  29.743  2.442 0.762  16.093
VAR(1) 5 year 0.327 0.499 0.793 26.793  2.556 0.540 14.675

10year 0.304 0.425 0.483 16.127 1.637 0.404 8.882
30year 0.244 0.648 0.905 2.869 1.207 0.599 2.038
Average 0.297 0.646 1.062 22.784 2.145 0.668 12.464

Model 6 lyear 0.216 0.541 0.632 3.735 3.048 0.463 3.391
NS Factors + 3 year 0.289 0.545 0.685 3.084 2.479 0.506 2.781
Macro Variables 5 year 0.313 0.628 0.888 2.683 2.198 0.610 2.440
VAR(1) 1l0year 0.273 0.645 0.970 1.980 1.743 0.630 1.862
30year 0.330 0.804 1.289 1.813 1.790 0.808 1.801
Average 0.284 0.632 0.893 2.659 2.251 0.603 2.455
Thetablereports the oubf-sample forecast evaluation based on the root mean squared error (RMSE).
The insample ranges from 1994:12 to 2004:4 andadtgample range from 2005:5 to 2006:4.
RMSE=[& (Voun - W)/ 24172, y,.,, isrealized data and/”is predicted data.

The tableevaluates th& month, 6 month, 12 month, 36 month, and 60 month afueadasts.
Average RMSE for 1,6,1éhis the mean of (Im + 6m +2in) RMSEs. AndAverage RMSE for 36,60
m is the mean of (36m + 60m) RMSEs.

ar WD
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Table 3. Investment-Grade Corporate Yields Out of Sample Forecast Evaluation
Root Mean Squared Errors (RMSE)

Bond 1 month 6 month 12 month 36 month 60 month Average Average
Rating Model ahead ahead ahead ahead ahead 1,6,12m  36,60m

Model 1 0.567 0.879 1.233 4.209 2.105 0.893 3.157
Model 2 0.271 0.568 0.761 1.878 1.960 0.533 1.919
AAA  Model 3 0.230 0.627 1.117 3.688 1.351 0.658 2.520
Model 4 0.232 0.576 0.948 1.420 2.392 0.585 1.906
Model 5 0.247 0.525 0.960 28.323 1.935 0.577 15.129
Model 6 0.294 0.672 0.951 2.744 2.910 0.639 2.827

Model 1 0.245 0.563 1.027 4.703 1.892 0.612 3.298
Model 2 0.257 0.553 0.762 1.629 1.924 0.524 1.776
AA  Model 3 0.252 0.649 1.091 3.244 1.482 0.664 2.363
Model 4 0.230 0.584 0.935 1.432 2.388 0.583 1.910
Model 5 0.220 0.494 0.959 5.746 1.905 0.558 3.825
Model 6 0.288 0.675 0.922 2.918 3.985 0.628 3.452

Model 1 0.575 0.899 1.219 2.084 2.165 0.898 2.124
Model 2 0.253 0.577 0.808 2.946 1.981 0.546 2.464
A+  Model 3 0.253 0.665 1.152 4.815 1.530 0.690 3.172
Model 4 0.218 0.590 0.933 1.442 2.483 0.581 1.962
Model 5 0.227 0.498 0.982 11.587 2.251 0.569 6.919
Model 6 0.284 0.670 0.910 2.964 3.435 0.621 3.199

Model 1 0.246 0.585 1.014 3.125 2.019 0.615 2.572
Model 2 0.256 0.615 0.888 2.275 2.042 0.586 2.158
A Model 3 0.249 0.664 1.121 3.375 1.566 0.678 2.470
Model 4 0.219 0.585 0.921 1.442 2.559 0.575 2.001
Model 5 0.242 0.544 0.920 1.644 2.175 0.569 1.909
Model 6 0.284 0.668 0.895 2.960 3.106 0.616 3.033

Model 1 0.564 0.891 1.220 5.991 2.262 0.892 4.127
Model 2 0.253 0.646 0.927 4.040 2.049 0.609 3.044
A- Model 3 0.213 0.574 0.899 1.420 2.597 0.562 2.008
Model 4 0.251 0.650 1.063 3.783 1.834 0.655 2.808
Model 5 0.227 0.469 0.843 4.300 20.295 0.513 12.297
Model 6 0.261 0.624 0.816 2.741 2.956 0.567 2.848

1. See Table 2. Model 1: NS Factors VAR(1); Model 2: NS Factors AR(1); Model 3: NS Factors State
Space; Model 4: Ramin Walk; Model 5: Yields Level VAR(1); Model 6: NS Factors +
Macroeconomic Variables VAR(1).

2. Unlike Table 2, to simply the output, the RMSE in each cell represents the average of 1, 3, 5, 10, 30
year maturity of each investmegtade corporate bond.
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Table 4. Non-Investment-Grade Corporate Yields Out of Sample Forecast Evaluation
Root Mean Squared Errors (RMSE)

RMSE 1 month 6 month 12 month 36 month 60 month Average Average
ahead ahead ahead ahead ahead 1,6,12m  36,60m

Model 1 0.287 0.572 0.890 2.320 27.319 0.583 14.820
Model 2 0.320 0.876 1.465 2.432 2.385 0.887 2.408
BB+ Model 3 0.286 0.567 0.816 2.397 3.094 0.556 2.746
Model 4 0.249 0.589 0.910 2.136 3.298 0.583 2.717
Model 5 0.262 0.600 0.922 2.966 13899 0.594 6950.9
Model 6 0.311 0.727 0.820 5.795 24.045 0.619 14.920

Model 1 0.741 0.968 1.370 2.516 208.08 1.026 105.30
Model 2 0.390 0.994 1.657 2.539 2.301 1.014 2.420
BB- Model 3 0.347 0.630 0.978 2.639 3.469 0.652 3.054
Model 4 0.366 0.644 0.905 2.677 2.757 0.638 2.717
Model 5 0.337 0.657 1.037 3.053 72.486 0.677 37.770
Model 6 0.361 0.668 0.929 6.198 32.881 0.652 19.539

Model 1 0.586 1.052 1.500 2.741 12.701 1.046 7.721
Model 2 0.338 0.955 1.818 3.092 2.955 1.037 3.023
B  Model 3 0.349 0.634 0.823 3.233 3.760 0.602 3.497
Model 4 0.300 0.586 0.793 3.637 4.006 0.560 3.822
Model 5 0.336 0.826 1.503 170.71 5002.4 0.888 2586.5
Model 6 0.340 0.666 0.881 5.759 17.279 0.629 11.519

Model 1 0.546 1.202 2.081 3.221 5.119 1.276 4.170
Model 2 0.402 0.880 1.885 3.694 3.056 1.056 3.375
B- Model 3 0.383 0.696 1.137 4.291 4.565 0.739 4.428
Model 4 0.512 0.860 1.346 4.657 5.317 0.906 4.987
Model 5 0.445 1114 2.462 5.198 3.451 1.340 4.325
Model 6 0.418 0.729 1.234 4.014 15.207 0.794 9.611

1. See Table 2. Model 1: NS Factors VAR(1); Model 2: NS Factors AR(1); Model 3: NS Factors State
Space; Model 4: Random Walk; Model 5: Yields Level VAR(1); Model 6: NS Factors +
Macroeconomic Variables VAR(1).

2. Unlike Table 2, to simply the output, the RE$ each cell represents the average of 1, 3, 5, 10, 30
year maturity of each investmegtade corporate bond.
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Loadings

Figure 1. NelsonSiegel Factors Loadings
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The factor loadings are based on the following NelSmyelthree factor model,
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Figure 2. Actual Yield Curve and NelsonSiegel Model InSample Fit
In December 2004

Treasury Yield Curve A+ CorporateYield Curve
Yield Curve Yield Curve
i ' Term Strt vl'llrn : i ' Term Strt u"mm ;
557 | 6.0 r
S
) —
5.0 r 551 _— L
45 r 50 F
§ 407 I : 45 [
35 r w0 |
3.0 r . |
2571 ’ - T T T T
! ! ‘ ! 0 100 200 300
0 100 200 300
. Maturity
Maturity
BB+ CorporateYield Curve B- CorporateYield Curve
Yield Curve Yield Curve
i 8 Term Strt u"mm ' i 8 Term St u"mm '
7 . : S
_— ‘ 7.5 - ) /// -
7.0 | . / F
3 i /
6.5 / r
601 | r
5 +
55 “‘ L
c‘
5.0 | |
“1 " |
1
T T 4.5 77 T T T
0 100 200 300 0 100 200 300

Maturity Maturity

Note: The Maturity is in months (12 to 360 months). The dots are the realized imggessof 1 to 30 years.

The solid curve is the predicted yield curve by NeiSiegel Model.

27



Figure 3. Interest Yields Time Seriesand Its Implied Term Spread
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rates series.

28



Figure 4. Credit Spread Time Series
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Figure 5. Treasury Yields Three Factors: Level, Slope, Curvature

Level Factor via AR(1) and State-space Approach and Empirical Counterparts
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Figure 6. A+ Corporate Yields Three Factors: Level, Slope, Curvature

Level Factor via AR(1) and State-space Approach and Empirical Counterparts
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Figure 7. BB+ Corporate Yields Three Factors: Level, Slope, Curvature

Level Factor via AR(1) and State-space Approach and Empirical Counterparts
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