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Abstract

This paper proposes a model of the term structure of interest rates that uses macroeconomic to model
yield dynamics, and allow for time-varying volatility. Results suggest that the introduction of survey
data on market participants’ expectations improves significantly the out-of-sample forecasting perfor-
mance of the model in terms of statistical measures of predictive accuracy. Additionally, we investigate
the economic value of yield curve predictability based on an portfolio allocation exercise. Results indi-
cate that modelling time-varying yield volatility is highly relevant and improves the economic relevance

of forecasts regardless of the degree of risk aversion considered.
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1. Introduction

The last two decades have seen mounting evidence of a strong link between macroeconomic factors and
the yield curve!. Ang & Piazzesi (2003) incorporated macroeconomic variables under no-arbitrage re-
strictions and showed that models with macro factors computed from principal components outperformed
models with only unobservable factors. Despite not considering out-of-sample forecasting, Diebold et al.
(2006, henceforth DRA) find evidence that real activity, inflation, and the monetary policy instrument
can explain a significant part of yield curve variations.

Additionally, several papers explore surveys of market expectations and broad macroeconomic in-

formation to link them with interest rates.? Altavilla et al. (2017), for instance, show that survey

1See, for example, Fleming & Remolona (2001); Piazzesi (2001, 2005); Dai & Philippon (2005); Diebold et al. (2005);
Gallmeyer et al. (2005); Hordahl et al. (2006); Ang et al. (2006); Duffee (2006); Dewachter & Lyrio (2006); Dewachter
et al. (2006); Rudebusch & Wu (2007, 2008); Bikbov & Chernov (2010); Bekaert et al. (2010); Duffee (2011); Giirkaynak
& Wright (2012); Joslin et al. (2014).

2Ludvigson & Ng (2009); Piazzesi et al. (2009); Stark et al. (2010); Kim & Orphanides (2012); Chernov & Mueller



expectations can be exploited to improve the accuracy of yield curve forecasts. Moench (2008) jointly
modeled the dynamics of macroeconomic variables and government bond yields in a dynamic factor
model. He finds that information embedded in the macro factors helps provide out-of-sample yield fore-
casts that outperform the benchmark at intermediate and long horizons and for short and medium-term
maturities. De Pooter et al. (2010) compare the forecast performance of several individual term structure
models, they suggest that adding macroeconomic information improves interest rate forecasts, especially
in and around recession periods. Fernandes & Vieira (2019) reveals that employing financial and macro
information to build factors based on high-frequency forward-looking series in a factor-augmented DNS
model can improve the predictive performance.

The gains obtained by including macroeconomic information depend on how macro information is
incorporated in the model, as argued by Exterkate et al. (2013). Also, they suggest it is useful only
for forecasting yields of medium-term maturities (between 1 and 5 years) and that factor-augmented
methods perform well in relatively volatile periods, including the crisis period in 2008-2009 when simpler
models do not suffice. Koopman & van der Wel (2013) also extending the class of dynamic factor yield
curve models perform an out-of-sample forecasting study, and their results suggest that macroeconomic
variables can lead to more accurate yield curve forecasts.?

The evidence exploring the links between macroeconomic variables and yield curve modeling for
Brazil is not a novelty, notwithstanding the scarcity. Almeida & Faria (2014), for instance, evaluates the
term structure forecasting as per Moench (2008) using common factors from macroeconomic series from
January 2000 to May 2012. Their results suggest better predictive performance compared to the usual
benchmarks but presented deterioration of the results with increased maturity. Also, by eliminating
the no-arbitrage restrictions, they produced superior forecasting results. Vieira et al. (2017) show that
the inclusion of forward-looking data set principal components improves the predictive ability of the
factor-augmented VAR methodology with the Nelson-Siegel in out-of-sample analysis to the Brazilian
term structure of interest rates. de Andrade Alves et al. (2023) investigates whether Brazilian Central
Bank communication helps to forecast the yield curve. They include sentiment variables as additional
factors into the dynamic Nelson-Siegel term structure model and found that these sentiment variables
contain predictive information for yield curve forecasting.

Although the research cited above illustrated different approaches and evidences, they have some
common features and hypotheses. One of them is constant volatility for all maturities throughout the
sampling period. The second one, which may justify the first, is that the absence of time-varying volatility
would not be a problem in estimation for advanced economies compared with emerging economies. The
last one is a lack of evaluating forecasting results applied to an investment strategy. So, our goal is

to explore these gaps to investigate whether modeling time-varying volatility in macro-term structure

(2012); Orphanides & Wei (2012); Ehling et al. (2018); Chun (2011); Favero et al. (2012); Chun (2012); Van Dijk et al.
(2014); Altavilla et al. (2014).

3Poncela (2013) comments that what helps to increase the forecasting accuracy of the US term structure of interest
rates is to restrict the transition matrix ¢ of the VAR(1) model proposed for the common factors. The forecasting results
for the smooth dynamic factor model (SDFM) with and without macro variables are very similar, meaning that simpler
models for the common factors (in the form of uncoupled factors) are preferred for forecasting.



models to an emerging market improves forecasting performance and whether these forecasts are worth
it for an investor who cares about mean and variance.

Our analysis builds on contributions from Diebold et al. (2006) who use macroeconomic variables, and
Koopman et al. (2010) that use a factor volatility structure for the latent variables with a specification
based on GARCH models?, both based on the Nelson & Siegel (1987) model of the term structure. In an
application to Brazilian data, this paper provides evidence that adding backward- and forward-looking
macroeconomic informations to the dynamic factor models with time-varying volatility can produce
more accurate forecasts for forecasts of government bond yields. Following the recent literature that
emphasizes the interaction between the yield curve and other economic variables, we present forecast
results obtained from different model specifications, considering both with and without macroeconomic
variables and time varying volatility.

Although our analysis is focused on statistical measures of predictive accuracy, it is important to
evaluate the extent to which the apparent gains in predictive accuracy can be used in real time to improve
investors’ economic utility, that is, translate into better investment performance. Given that statistical
significance does not necessarily imply economic significance, we follow what was done in Thornton &
Valente (2012), Sarno et al. (2016), Caldeira et al. (2016), and Gargano et al. (2019), among others,
and assess the economic value of the predictive power of interest rates by investigating the utility gains
accrued to investors who exploit the predictability of yield curve relative to the benchmark model.

Our results confirm and extend results found in previous literature that add macroeconomic infor-

mation.

2. Dynamic Factor Models for the Yield Curve

Dynamic factor models play a major role in econometrics since allowing the explanation of a large
set of time series in terms of a small number of unobserved common factors (e.g Jungbacker et al., 2014,
and the literature therein). Many specifications for the yield curve can be viewed as dynamic factor
models with a set of restrictions imposed on factor loadings (see, for example, Joslin et al., 2013). In
this section, we discuss the fourteen individual yield curve models beginning with the three-factor DNS

model.

2.1. Dynamic Nelson-Siegel model
Diebold & Li (2006) estimate the term structure of interest rates using the model proposed by Nelson

& Siegel (1987), assuming that the parameters vary over time. The following equation would describe

the dynamics of the term structure
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4Some ways to overcome this issue were proposed by (Bianchi et al., 2009; Laurini & Hotta, 2010; Caldeira et al., 2010;
Hautsch & Yang, 2012)



where y;; denotes the yield at time ¢ of a security with maturity 7;, fort =1,..., T and i =1,..., N,
and A is a decay parameter that can capture a variety of shapes of the yield curve through time, such as
upward and downward sloping, and inversely humped. The [y, 82;, and [3; are time-varying parameters,
or the state variables, that can be interpreted as the level, slope, and curvature latent components of
the yield curve.

The DNS model is our starting point to model and forecast the yield curve. The dynamic movements
or evolution of the yield curve factors, (i, B¢, and f3;, are assumed to follow a vector autoregressive

process of first order, which allows for casting the yield curve latent factor model in state-space.

2.2. DNS in State-Space Representation
Diebold et al. (2006) note that DNS framework can be represented as a state space model by treating

Bt = B, for j =1,...,3, as a latent vector. For these purpose, the general specification of the dynamic

factor model is given by:
Yo = A(\)Be + €, er ~ AN (0,%:), (2)

where A is a N x K matrix of factor loadings, 3; is a K-dimensional stochastic process, and e; is the
N x 1 vector of measurement errors, whose covariance matrix given by XY.. For any given, strictly

positive A\j, the N x K factor loading matrix A()\;) is given by:

L J=1
1=z _ 9
Alj()\k) = wiZ - /\17—@' ) J =
1—=2 i .
iz = /\17_.1 — 2l Jj=3,

where 21 ; = exp(—Ai7;).
The state-space framework is achieved by assuming that the dynamic movements or evolution of the

yield curve factors 3; are modeled by the following first-order vector-autoregressive process:

Bir1=p+P(Br — 1) + e, ne ~ A (0,%), (3)

where p is a K x 1 vector of constants, @ is a K x K coefficient matrix, and Y, is the covariance matrix
of the disturbance vector 7, which is independent of the vector of residuals &, for all ¢.

The matrix of variance-covariance of the innovations to the measurement system Y. is assumed to
be diagonal. This assumption implies that deviations of the observed yields of various maturities from
those implied by the fitted yield curve are uncorrelated. While the matrix of variance-covariance of the
innovations to the transition system X, is unrestricted so that shocks to the three yield-curve factors

are correlated.



2.3. The Factor-Augmented Nelson-Siegel Model

The first extension of the DNS model is the inclusion of macro-finance indicators in the model. In
addition to the yield data, we have p factors available representing macroeconomic information available
at the monthly frequency, covering the same period as the yield data. We include these factors in the
state vector such that it becomes (814, Bat, Bty fra, -« fpt) = fA. With the extension of the state

@FA

factor, the size of the coefficient matrix in the state equation increases from 3 x 3 to (3+p) x (3+p).

The resulting state-space form is then given by

B
yo= [AD) O] [ e 0,20, )
. -~ J t
A(/\)FA
tFA
B % B
= (I3+p - gzjFA) + ot ! ‘|‘an, an ~ ‘/1/(034—177 2514) (5)
Jer 0,1 t
—— N——
BIA B
fort =1,..., T, where the dimensions of @, 1, ;, and X, are increased as appropriate. The coefficient

matrix structure implies that the macro-factors affect the individual yields through the Nelson-Siegel
factors and feedback from the yields to the macro-factors. Therefore, we estimated the DNS-Macro in

that framework. In the following section, we explain the algorithm used in the estimation procedure.

2.4. FEstimation Procedure

The estimation of the loading parameters A in the measurement matrix in Eq. (2) is the key to
estimating the state-space model. Keeping \’s fixed over the whole sample period, the equations (2)
and (3) characterize a linear and Gaussian state-space model; thus, the Kalman filter can be used to
obtain the likelihood function via the prediction error decomposition. The estimation procedures are as

discussed below.

2.4.1. Estimation of Linear State Space Models Based on the Kalman Filter

Assuming that the decay parameters are constant, the measurement equation becomes linear. In
this case, the DNS model is treated as linear Gaussian state-space models. Given the state-space
formulation of the dynamic factor model presented in (2) and (3), the Kalman filter can be used to obtain
the likelihood function via the prediction error decomposition. An optimization algorithm is used to
maximize the likelihood function estimated by the Kalman filter, an iterative process of estimating and
updating the measurement and transition equations until an optimal point is obtained. In short, the filter
computes the optimal yields forecasts and the corresponding forecasting errors, after which the Gaussian
likelihood function is evaluated using the prediction-error decomposition of the likelihood function for
the forecasts and the states. It sequentially updates the measurement and transition equations until an
optimal yield forecast is achieved.

Consider the general state-space representation in (2) and (3). This state-space model is estimated

by applying a Kalman filter, a recursive formula running forwards through time to estimate latent factors



from past observations. The Kalman filter evaluates the conditional means and variances of the latent
factors B, ,, conditional on the information available up to and including time ¢, denoted as Bt+1|t and
P, 11} respectively. Using the transition equation in (3), the optimal predicted estimates is then given
by

8t+1\t =pu+P (bt|t - ,U) ) (6)
Pt+1‘t - @Ptél + 2777 (7)

where P11 is mean square error (MSE), or covariance, matrix. Hence, the optimal filtered estimates

IA)tH and P,y is given by

i)t+1 = Bt—i—llt + P1&+1|tA/Ft:_11‘tUt+17 (8)
Py =Py — Pt—o—l\tAIF;_11|tPt+1|ta 9)

where vi11 = Y11 — AZA)tH‘t is the prediction error, Fy 1y = AP, A"+ X, is the measurement prediction

: rp—1
variance, and P,/ Ft+1|t

The Kalman filter iterative process is initialized by using the unconditional mean and variance of 3,.

is called the Kalman gain.

For this purpose, we carry out the 2-step procedure as described in Diebold & Li (2006). Specifically,

the unconditional mean and covariance matrix of the state vector is started as follows

bl\O =K [/615] =K and P1|0 =K [ﬁtﬁ;] = 257

where the unconditional covariance matrix of the state vector is the solution of Yz — @3 3P = X, | which
we can solve using the properties of the vectorization operator vec (see Christensen & van der Wel, 2019,
for details).

Let the vector 6 collects all unknown coefficients in the in the VAR parameter matrix @, variance
matrices Y. and Y, and A and p. To estimate the parameters vector 6, the likelihood function is
constructed from the update step by assuming that the forecasting errors v; are Gaussian. The Gaussian

log-likelihood function is computed as

T
1 1 _
0(0) = —Tlog 2m =5 § log || — 5 ;:1 V) F oy, (10)

As a result, ¢ () can be evaluated by Kalman filter for a given value of §. By maximizing this log-
likelihood function with respect to the parameters (collective represented as a vector #) using a quasi-
Newton optimization method results in maximum likelihood estimates of the parameters. The algorithm
BFGS is used to maximize the log-likelihood function specified in (10) to obtain the estimates of the
parameters 6.

Under this framework, we estimated the linear models. In the next sections, we extend the DNS model
by considering conditional heteroskedasticity in the yield processes and treating the loading parameters

as a stochastically time-varying latent factor.



2.4.2. Time-Varying Volatility

In the DNS model, we assume volatility is constant over time, which may be a restrictive assumption
since yield curves are related to trading in the financial markets, then changes in volatility may occur. In
general, heteroscedasticity is a constant problem in economics, especially in finance. The Kalman filter
can not handle this problem, that is, the filter works under the hypothesis that the variance matrices
are constant, or at least known. Assuming the GARCH structure, the matrix X, is time-varying.

To allow for conditional heteroscedasticity in the yield processes, we modify the DNS model by
following Koopman et al. (2010), who propose capturing yield curve volatility allowing for a common
variance component jointly affecting all individual yields. The common variance component is modeled
as a generalized autoregressive conditional heteroscedasticity (GARCH) process. Harvey et al. (1992)
already provides an extensive framework for incorporating this GARCH(1,1) model into unobserved
component time series models and how to deal with corresponding implications for estimation procedures.
This factor can be interpreted as the volatility of an underlying bond market portfolio according to Engle

& Ng (1993). The error in the measurement equation (2) are decomposed as
e =T +el, t=1,...,T, (11)

where Z. and EI are N x 1 vectors of loadings and noise component respectively, and ¢} is a scalar
representing the common disturbance term. The error components are mutually independent of each

other and are distributed as follows
ef ~NID(0, ), and el ~NID(0,Z), t=1,...T, (12)

where X is a diagonal matrix and h; is the variance specified as a GARCH process, according to
Bollerslev (1986). In this case, we have

hiyi = Yo + e + yohyy, t=1,...,T, (13)

and the estimated parameters have the constraints 79 > 0,0 < v < 0,0 < v <0, hy = (1l —»n —
72)~% and (71 + 72) < 1. The weights vector I'. can be normalized to avoid identification problems, such
that I''I. = 1, but we follow Koopman et al. (2010) and fixed v at 1 x 107%. The resulting time-varying

variance matrix for €; is given by
Y.(hy) = hI. T+ X7, (14)

where Y. (h;) depends on a single factor described by the GARCH process in (13). The (unconditional)
time-varying variance matrix of y; is A(A\) X3 A(N)'+ 2. (h;), where X3 is the solution of Xz —PX3d" = X, .
The GARCH factor ¢} is incorporated in the measure equation (2), which is treated as a latent factor.
Hence, we include €} in the state vector alongside the DNS factors.

The resulting observation and state equations of the DNS models with time-varying volatility can



be rewritten into the state-space formulation as

=0 ] Ol ety el r(o, 5, (15)
Et
/6t+1 _ (IJ —¢])IJ, @] O]><1 /Bt + ,r’t : nt /'\J(/V 0 7 277 0j><1 , (16)
i1 0 O1x; 0 £t i i1 0] [Oix; hupa

fort =1,...,T . The addition of GARCH disturbances and extra parameters requires applying certain
adjustments to the estimation procedure.

Since hyyq in (13) is a function of its past values and unobserved values of €}, it is not possible
to calculate the values required for hyy; at time ¢. Specifically, Harvey et al. (1992) explains that,
although the models are not conditionally Gaussian because knowledge of past observations does not
imply knowledge of past GARCH errors, we may treat the models as though they are conditionally
Gaussian. Because of that, in the presence of GARCH errors, the Kalman filter can be regarded as a
quasi-optimal filter instead of optimal. Harvey et al. (1992) propose to take the expectation of the latent

term in the volatility specification such that we obtain an estimate for h;y 1, given by
hosae = 70 + B [62(3)] +vhyer, t=1,....T, (17)

where J; denotes all information available up to and including time ¢. To calculate the expectation term
we note that
e = Eleca|3] + (6f —Elef[3])-

By squaring and taking conditional expectations we can shown that

E[e;?(3] =E[ef|3.)° + E [(e] —E[££]3.)°],
A% 2
=&y Tt tE\w (18)
where é;f‘t is the last element of the filtered state b,; and Pﬁ: is the last diagonal element of the Py, the
filtered variance of ¢;,. Then, we substitute the expression E [7%]7,] into (17) to obtain a prediction
for the volatility component h;, 1. Lastly, we insert the predicted value h;;; in the position (7, j) of the
variance matrix Y, corresponding to the location of €} in the state vector. With this framework we

estimated the DNS-GARCH and extensions.

3. Out-of-Sample Analysis

In order to forecasts h-months ahead, the steps below follow after the filtering step and estimation of

the optimal set of parameters @ throughout the sample, see Durbin & Koopman (2012) for more details.



Therefore, we have the following

Yir1 = A()‘)E(IBH-ID/;)J
Yig1 = A()‘)Btﬂa (19>

where Bt+1 is the state vector and Bt+1 the variance matrix of the states calculated by the Kalman filter

in (6) and (7). For other forecasts, the filter can be rewritten to h = 2, ..., H, as follows
bin = p+ B(b1 — p), (20)
_ — ~l
Byyn =B 1@ + X, (21)
Yirn = A()\)Bt+h7 (22)

where the states vector and the variance matrix of the previous estimation states are used to calculate
the predictions in the step h+1. With the time-varying loading parameter, the difference for predictions
lies in the loading matrix that multiplies the state vector, that is, Z;(ay;—1) instead of A(A) in (19) and
(22).

The out-of-sample predictions are assessed by the relative sizes of the root mean square error
(RMSPE) of all considered models relative to those from the DNS baseline model. The RMSPE is

calculated as follows:

R(h,7) = \/ S () — (P (23)

where n is the number of forecasts previously defined in 312. The drawback of using RMSPE is that
this is a single statistic summarizing individual forecasting errors over an entire sample. Although often
used, they do not give any insight as to where in the sample a particular model makes its largest and
smallest forecast errors. Therefore, we also graphically analyze the cumulative squared forecast errors
(CSFE) proposed by Welch & Goyal (2008). These cumulative prediction errors series clearly depicts
when a model outperforms or underperforms a given benchmark and could motivate the use of adaptive

forecast combination schemes. The CSFE is given by:
. 2 . 2
CSFEy(h7) = [ (rnpenen(7) = ven(7)” = (Gesnm (7) = ()] (24)
t

In the case a model outperforms the benchmark, the CSFE,,(h,7) will be an increasing series. If the
benchmark produces more accurate forecasts, then CSFE,, (h, 7) will tend to be decreasing.

We use the Giacomini & White (2006) test to assess whether the forecasts of two competing models
are statistically different. The Giacomini-White (GW) test is a test of conditional forecasting ability and
is constructed under the assumption that forecasts are generated using a moving data window. This is a
test of equal forecasting accuracy and as such can handle forecasts based on both nested and non-nested

models, regardless from the estimation procedures used in the derivation of the forecasts.



Lastly, we implement the Model Confidence Set (MCS), approach developed by Hansen et al. (2011),
which consist on a sequence of tests which permits to construct a set of ’superior’ models, where the
null hypothesis of Equal Predictive Ability (EPA) is not rejected at a certain confidence level. The EPA
statistic tests is calculated for an arbitrary loss function, in our case we test squared errors of DNS

model against competing models.

3.1. The Economic Value of the Yield Curve Predictability

Although our analysis is focused on statistical measures of predictive accuracy, it is important to
evaluate the extent to which the apparent gains in predictive accuracy can be used in real time to improve
investors’ economic utility, that is, translate into better investment performance. Given that statistical
significance does not necessarily imply economic significance (Thornton & Valente, 2012; Sarno et al.,
2016; Caldeira et al., 2016; Gargano et al., 2019), we assess the economic value of the predictive power
of interest rates by investigating the utility gains accrued to investors who exploit the predictability of
yield curve relative to a no-predictability alternative associated with the random-walk model.

In this section, we explore the empirical evidence linking statistical forecasting evaluation with eco-
nomic utility. To this purpose, we consider a mean-variance investor with quadratic utility and relative
risk aversion v who allocates her portfolio on a risky bond with 7 periods to maturity versus a one-month
T-bill that pays the risky free rate (Rapach & Zhou, 2013). At the end of ¢, the investor allocates the
following share of her portfolio to bond with maturity 7; during ¢ + 1:

A(74)
1 T
Wit = (;) (A;Li)> (25)
Ottn
(i)

where 7,1 = Ty — (1 — h)g){_’fhh is a return forecast for the bond with maturity 7; in time ¢ and 67
=7T®

[AN)ZsAN) + X2 (hy)] to time-varying volatility. Over the forecast evaluation period, the investor

is a forecast of the variance® of bond returns to models with constant volatility and D
realizes the average utility,
D; = fi; — 0.5767, (26)

where fi; (67

) is the sample mean (variance) of the portfolio formed on the basis of f’g,)l and 67 over

the forecast evaluation period. The resulting sequences of allocation weights are next used to calculate
realized utilities. For each model m, the realized utility are converted into equivalent returns CER, i.e.,
the difference between utility (26) with model m and the DNS represents the utility gain accruing to
using the competitors models forecast of the bond yields in place of the DNS benchmark forecast in
the asset allocation decision. This utility gain (certainty equivalent return) can be interpreted as the
portfolio management fee that an investor would be willing to pay to have access to the information in

the model forecast relative to the information in the benchmark DNS model.

SWe follow the strategy of Rapach & Zhou (2013) and estimate the variance of bond returns using the sample variance
computed from a one-year (252-obs) rolling window of historical returns.
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4. Data and Results

4.1. Data

This paper’s data set consists of monthly closing prices observed for yields of future DI contracts.
Based on the observed rates for the available maturities, the data were converted to fixed maturities of
3,6,9, 12, 15, 18, 21, 24, 27, 30, 36, 42, 48, and 60 months, through interpolations using cubic splines.
The database contains the maturities with the highest liquidity for January 2003 through December
2019 (T = 204 observations) and represents the most liquid DI contracts negotiated during the analyzed
period. We assess the model’s performance by splitting the sample into two parts: the first one includes
132 observations used to estimate all models’ parameters. The second part is used to analyze the
performance out-of-sample of bond portfolios obtained from the model, with 72 observations.

Table 1 displays the descriptive statistics for the Brazilian interest rate curve. For each of the 14 time
series, we report average, standard deviation, minimum, maximum, and the last three columns contain
sample autocorrelations at displacements of 1, 6, and 12 months. Descriptive statistics presented in
Table 1 seem to confirm key stylized facts about yield curves: the sample average curve is upward
sloping and concave, volatility is decreasing with maturity, autocorrelations are very high and increasing
with maturity. Also, there is a high persistence in the yields: the first-order autocorrelation for all
maturities is above 0.87 for each maturity.

Figure 7?7 presents a three-dimensional plot of the data set and illustrates how yield levels and spreads
vary substantially throughout the sample. Although the yield series change heavily over time for each
of the maturities, a strong common pattern in the 14 series over time is apparent. The sample contains
204 monthly observations with maturities of 7 = 3, 6, 9, 12, 15, 18, 21 24, 27, 30, 36, 39, 48, and 60
months.

We use three macroeconomic factors: the Selic interest rate is the monetary policy interest rate, i.e.,
the key tool used by the Central Bank of Brazil (BCB) to implement the monetary policy. The Selic
rate, or ’over Selic’, is the Brazilian federal funds rate. Precisely, Selic rate is the weighted average
interest rate of the overnight interbank operations — collateralized by federal government securities —
carried out at the Special System for Settlement and Custody (Selic).

Under the inflation-targeting regime, the BCB’s Monetary Policy Committee (Copom) regularly sets
the target for the Selic rate. Within the relevant horizon for the monetary policy, the Copom aims to
keep the Extended National Consumer Price Index (IPCA inflation rate) around the target and anchor
inflation expectations. Accordingly, the BCB performs daily open market operations to keep the effective
Selic rate at the target set by Copom.

Brazil has several price indexes that differ significantly in scope, depending on their particular pur-
poses. A price index can be designed to reflect the cost of living for a specific group of households,
but each household will have its price index based on its consumer basket. In this sense, there can be
different inflation perceptions between what the citizen notices as inflation and the variation of several
price indexes. The inflation index adopted here is the IPCA which is the reference for the Brazilian
inflation-targeting system. The BCB ensures that the [IPCA’s annual inflation is centered at the inflation
target set by the National Monetary Council (CMN).

11



Table 1: Descriptive statistics for the term structure of interest rates

The table reports summary statistics for Brazil yield curve over the period 2003-2019. We examine
monthly data, constructed using the spline method. For each maturity we show mean, standard
deviation, skewness, raw kurtosis, minimum, maximum, and three auto-correlations coefficients, p1,
D6, p12- Also the table reports proxy estimates for level, slope, and curvature of the yield curve.
The proxies are defined as follows: for level, the highest maturity bond (60 months); for slope, the
difference between the bond of 60 months and the bond of 3 months; and for curvature, two times
the bond of 18 months minus the sum of bond of 3 months and bond of 60 months.

. Acf
Maturity Mean Std Dev  Min  Max Skewness Kurtosis 0 f6 P12
M3 12.19 4.52 4.30  27.50 0.90 4.11 0.96 0.70 0.48
M6 12.20 4.47 4.30  28.30 0.90 4.24 0.96 0.69 0.48
M9 12.24 4.42 440 29.00 0.92 4.56 0.95 0.68 0.48
M12 12.30 4.39 450  29.60 0.98 4.93 0.94 0.67 047
M15 12.38 4.34 4.50  30.40 1.06 5.39 0.94 0.65 0.46
M18 12.48 4.31 4.60 31.30 1.16 5.95 0.93 0.64 0.45
M21 12.57 4.28 4.70  32.30 1.29 6.64 0.93 0.62 0.44
M24 12.65 4.27 490 33.40 1.43 7.41 0.92 0.61 0.43
M27 12.74 4.25 5.00 34.30 1.57 8.15 092 0.60 0.42
M30 12.80 4.26 510 35.10 1.69 8.86 091 059 041
M36 12.92 4.28 530 36.70 1.95 10.35 0.90 0.57 0.40
M42 13.02 4.34 5.60 38.40 2.20 11.93 0.90 0.55 0.38
M48 13.10 4.38 570 39.40 2.37 12.96 0.89 0.54 0.38
M60 (Level) 13.18 4.35 6.00 39.40 2.44 13.12 0.89 0.55 0.38
Slope 0.99 2.10 —-3.90 11.90 0.75 6.77 0.84 0.35 0.01
Curvature —0.24 1.17 —-3.00 3.10 0.18 2.86 0.87 0.40 0.08
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IBC-Br is an indicator of the monthly periodicity, which incorporates the pathway of the variables
considered proxies to economic sectors such as Agriculture and livestock, Industry, and Services. The
well-known adherence of the trajectory of the IBC-Br to the GDP behavior confirms the importance of
monitoring the indicator to understand better and anticipate the activity analysis.

We use market expectations factors from the BCB’s Market Expectations System, which monitors
market expectations regarding the main macroeconomic variables, providing important inputs for the
monetary policy decision-making process.

The BCB carries out the “Focus Survey”, compiling forecasts of about 140 banks, asset managers,
and other institutions (real sector companies, brokers; consultancies, etc.). The Survey daily monitors
the market expectations for several inflation indices, the GDP and industrial production growth, the
exchange rate, the Selic rate, fiscal indicators, and external sector variables. Based on this Survey, the
BCB compiles daily — and releases weekly — the Focus Market Readout, which brings the summary of
the statistics calculated over the information collected. We use the IPCA inflation accumulated median
percent change, Over-Selic Target median percent p.y., and total GDP median percent change over the

next 12 months (see Figure 1).

5. Results

We use a rolling estimation window of 72 monthly observations (i.e., six years) for computing our
results. We produce forecasts for 1-month, 3-month, 6-month, and 12-month-ahead. To compare the
performance of out-of-sample forecasts, we compute the root mean square forecast error (RMSFE). More-
over, the Giacomini & White (2006) test (GW-test) is used to assess whether each model outperforms
the DNS. Table 2 report statistical measures of the out-of-sample forecasting performance at various
horizons. The first row of entries in each panel of the tables report the value of RMSFE (expressed in
basis points) for the DNS model, while all other rows report statistic relative to the DNS.

Table 2 reports out-of-sample forecast performance measured in terms of RMSPE. This table is
divided in four panels A through D, each corresponding to a different forecast horizon (1,3,6 and 12
steps ahead).The first row in each panel contains the RMSPE of the DNS baseline forecasts, whereas
the remaining rows report RMSPE of a given model relative to those of the benchmark. Therefore
any number below one indicates outperformance relative to the benchmark, whereas any number larger
than one indicates underperformance. Asterisks to the right of entries indicate that, at the 10% level
of significance, the null hypothesis of the GW test is not rejected. Bold type indicates that the model
belongs to ]\75‘.75, the set of superior models containing the best models with probability no less than
75%.
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Figure 1: This figure shows the SELIC interest rate, the Extended National Consumer Price Index (IPCA), and Index
of Economic Activity of the Central Bank (IBC-Br) in solid lines and his expectations (GDP for IBC-Br) of one year in
dashed lines, respectively. The sample contains 194 monthly observations from January 2003 through December 2019 for
realized series and from 2002 through 2018 for expectations.
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Table 2: Relative Root Mean Squared Forecast Errors

The Table reports the relative root mean squared forecast errors (RMSFE) relative to the Random-Walk model (RW) model for the
1-month, 3-months, 6-months, and 12-months forecast horizons. The evaluation sample is 2014:1 to 2019:12 (73 out-of-sample forecasts).
The first line in each panel of the table reports the value of RMSFE (expressed in basis points) for the RW model, while all other
lines reports statistics relative to the RW. The following model abbreviations are used in the table: DNS-Macro model for realized
macroeconomic factors , DNS-MacroE1 model for market expectations of macroeconomic factors, and the last three models have time-
varying volatility (-GARCH). Numbers smaller than one indicate that models outperform the RW, whereas numbers larger than one
indicate underperformance. The * on the right of the cell entries indicate the level at which the Giacomini & White (2006) test rejects
the null of equal forecasting accuracy at least 10% level. Shaded values indicate that the model belong to Model Confidence Set (MCS)
Hansen et al. (2011).

Maturity
Model y -

M3 M6 M9 M12 M15 M18 M21 M24 M27 M30 M36 M42 M48 M60
Panel A: 1-month ahead forecasts
RW 41.26 39.69 42.97 47.79 51.04 54.47 56.47 97.74 58.80 60.69 61.63 63.07 64.53 66.56
DNS 0.933 0.992 0.999 0.995 0.982 0.972 0.971 0.963 0.960 0.959 0.967 0.966 0.972 0.971
DNS — Macro 0.940 1.010 0.989 0.976 0.970 0.971 0.977 0.976 0.978 0.978 0.992 0.991 0.996 0.995
DNS — MacroE1 0.881 0.892* 0.978 1.009 1.010 1.009 1.018 1.016 1.020 1.019 1.033 1.034 1.049 1.063
DNS — GARCH 0.964 0.978 1.040 1.056 1.055 1.044 1.050 1.048 1.048 1.042 1.045 1.044 1.047 1.045
DNS — GARCH — Macro 0.940 1.010 0.989 0.976 0.970 0.971 0.976 0.976 0.978 0.978 0.992 0.991 0.996 0.995

DNS — GARCH — MacroE1 0.881  0.892* 0.979 1.009 1.010 1.009 1.018 1.016 1.020 1.019 1.034 1.034 1.049 1.063

Panel B: 3-months ahead forecasts

RW 90.21 90.41 94.52 99.69 103.88 108.63 111.44 [112.61 [114.64 117.00 120.34 121.97 124.01 125.32
DNS 0.824 0.892 0.934 0.959 0.953 0.941 0.932 0.925 0.914 0.905 0.887*  0.880* 0.878"  0.878"
DNS — Macro 0.795 0.877 0.913 0.938 0.937 0.935 0.936 0.936 0.932 0.928 0.920*  0.920*  0.922*  0.929*
DNS — MacroE1 0.668 0.800 0.877 0.93 0.942 0.945 0.953 0.955 0.951 0.947 0.934 0.935 0.939 0.952
DNS — GARCH 0.818 0.929 0.977 0.997 0.999 0.993 0.992 0.996 0.992 0.985 0.972 0.974 0.974 0.981
DNS — GARCH — Macro 0.795 0.877 0.913 0.938 0.937 0.935 0.936 0.936 0.932 0.928 0.920*  0.920* 0.922*  0.929"

DNS — GARCH — MacroE1 0.668  0.800* 0.877 0.930 0.942 0.945 0.953 0.956 0.951 0.947 0.934 0.935 0.939 0.952

Panel C: 6-months ahead forecasts

RW 168.06. 1166.53 167,34 [169.92 172.07 174.62 176.65 177.09 178.23 180.37 184.08 186.97 187.46  188.79
DNS 0.760 0.835 0.892 0.922 0.926 0.919 0.907 0.896 0.884 0.868 0.834 0.815 0.806 0.790
DNS — Macro 0.722 0.819 0.886 0.925 0.936 0.939 0.935 0.930 0.924 0.914 0.889 0.877 0.873 0.864
DNS — MacroE1 0.669 0.782 0.858 0.906 0.922 0.928 0.929 0.926 0.923 0.914 0.885 0.873 0.867 0.86

DNS — GARCH 0.849 0.916 0.949 0.966 0.97 0.965 0.958 0.956 0.948 0.936 0.911 0.903 0.899 0.895
DNS — GARCH — Macro 0.722 0.819 0.886 0.925 0.936 0.939 0.935 0.930 0.924 0.914 0.889 0.877 0.873 0.864

DNS — GARCH — MacroE1 0.669 0.782 0.858 0.906 0.923 0.928 0.929 0.926 0.923 0.914 0.885 0.873 0.867 0.860

Panel D: 12-months ahead forecasts

RW 296.67 294.33  290.84  286.67 281.94 277.09 272.77 269.43 267.11 265.25 264.99 263.29 262.12 260.45
DNS 0.823 0.875 0.914 0.940 0.951 0.954 0.951 0.941 0.929 0.918 0.884 0.861 0.844 0.819
DNS — Macro 0.830 0.924 0.991 1.036 1.059 1.072 1.073 1.068 1.067 1,0479  1.014 0.990 0.973 0.944
DNS — MacroE1 0.869 0.944 0.996 1.031 1.044 1.047 1.045 1.034 1.019 1.006 0.966 0.937 0.917 0.885
DNS — GARCH 0.894 0.923 0.951 0.969 0.976 0.982 0.977 0.970 0.959 0.951 0.924 0.909 0.899 0.886
DNS — GARCH — Macro 0.830 0.924 0.991 1.036 1.059 1.072 1.074 1.068 1.057 1.048 1.014 0.990 0.973 0.944

DNS — GARCH — MacroEl 0.869 0.944 0.996 1.031 1.044 1.048 1.045 1.034 1.019 1.006 0.966 0.938 0.917 0.885




To analyze the accuracy of the forecasts in different time intervals, we follow ? and plot the difference
in cumulative square forecast errors between each of the prediction models and the RW along the out-

of-sample evaluation period.

5.1. Economic Evaluation Results

Table 3 reports certainty equivalent (average utility gains in annualized percent return) for a mean-
variance investor with v = {0.1,0.5,1,5} who allocates among 1 to 5 years bonds and risk-free rate

using forecasts based on competitors models in place of DNS forecasts.
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Figure 2: Cumulative squared forecast errors (1- and 3-months ahead)

Note: Figures show the cumulative squared forecast errors (CSFE) of Nelson-Siegel Extensions relative to the DNS baseline
model. Figure shows CSFEs for a 1- and 6-month forecast horizon. The evaluation sample is from January 2014 through
December 2019 (73 out-of-sample forecasts).
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Figure 3: Cumulative squared forecast errors (6- and 12-months ahead)

Note: Figures show the cumulative squared forecast errors (CSFE) of Nelson-Siegel Extensions relative to the DNS baseline
model. Figure shows CSFEs for a 1- and 6-month forecast horizon. The evaluation sample is from January 2014 through
December 2019 (73 out-of-sample forecasts).
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61

Table 3: Out-of-sample economic evaluation of the yield curve forecasting from 2011:01 to 2017:04

Note: This table reports average utility gain (¢) the portfolio management fee (in annualized percent return) that an investor with mean-

variance preferences and risk aversion coefficient of 0.1 to 5 would be willing to pay to have access to the forecasting method relative to

the DNS benchmark forecast. The following model abbreviations are used in the table: DNS-Macro model for realized macroeconomic
factors, DNS-MacroE1 model for market expectations of macroeconomic factors, and the last three models have time-varying volatility
(-GARCH). The sample starts on January 2000 and the evaluation period is January 2011 to June 2017.

v=0.1 v=0.5 y=1 y=5

Model

=1 1=2 =3 =4 =5 tT=1 1=2 =3 1=4 1=5 T=1 1=2 1=3 t1=4 t1=5 T=1 t1=2 T=3 T=4 1=5
horizon = 1-month ahead
DNS 197.70 2403 —0.279 —0.901 —0.643 50.16 1.843 0.516 0.138 0.072 31.72 1773  0.615 0.268 0.161 16.97  1.717 0.695 0.372 0.233
DNS — Macro 226.09 7.118 1431  —0.296 —0.504 54.65 2.587 0.786 0.234 0.094 33.22 2,021 0.705 0.300 0.169 16.07  1.568 0.641 0.353 0.229
DNS — MacroE1 213.77 8.047  3.377 1.657 1.286 52.70 2.734 1.093 0.542 0.377 32.57  2.07 0.808  0.403 0.263 16.46  1.538 0.579 0.291 0.172
DNS — GARCH 449.44 3441 12.92 6.247 3.711 89.91 6.896 2.600 1.267 0.760 44.97  3.457 1.31 0.644 0.391 9.019  0.706 0.278 0.146 0.095
DNS — GARCH — Macro 449.54  34.48 12.98 6.272 3.701 89.93 6.907 2.609 1.271 0.758 4498 3461 1.313 0.646 0.39 9.016 0.704 0.276 0.145 0.096
DNS — GARCH — MacroE1l 449.41  34.40 12.92 6.258 3.726 89.91 6.895 2.601 1.268 0.762 4497  3.457 1310 0.645 0.391 9.020  0.706 0.278 0.146 0.095
horizon = 3-month ahead
DNS 38.21  7.202 4.000 2.762 2.271 13.71 2.135 1.054 0.673 0.512 10.65 1.501  0.685 0.412 0.292 8.204  0.995 0.391 0.203 0.116
DNS — Macro 54.28 10.606  5.521 3.529 2.668 16.25 2.672 1.294 0.794 0.574 11.50 1.680 0.765 0.452 0.313 7.697  0.887 0.343 0.179 0.103
DNS — MacroE1 47.23  10.08  5.635 3.899 3.122 15.14 2590 1.312 0.852 0.646 11.13  1.653 0.771 0472 0.337 7.919  0.904 0.339 0.167 0.089
DNS — GARCH 181.10 23.13  9.533 5.22 3.377 36.28 4.649 1.927 1.061 0.686 18.17  2.34 0.977  0.541 0.350 3.692  0.492 0.216 0.125 0.081
DNS — GARCH — Macro 181.30  23.25 9.65 5.309 3.423 36.31 4.668 1.946 1.075 0.694 18.18 2.346  0.983  0.546 0.353 3.685  0.488 0.212 0.122 0.080
DNS — GARCH — MacroE1 181.04 23.17  9.609 5.326 3.497 36.27 4.656 1.939 1.078 0.705 18.17  2.342  0.981  0.547 0.356 3.694  0.490 0.214 0.122 0.077
horizon = 6-month ahead
DNS 12.64 14.251 8.698 6.667 5.362 5.676 2.809 1.637 1.218 0.953 4.806 1.379 0.754  0.537 0.402 4.110  0.235 0.048  —0.008 —0.039
DNS — Macro 20.07 15.762  9.355 6.940 5.422 6.850 3.048 1.741 1.261 0.963 5197 1459 0.789  0.551 0.405 3.875  0.187 0.028 —0.017 —0.041
DNS — MacroE1 17.61 15.845 9.206 6.741 5.257 6.461 3.061 1.717 1.23 0.937 5.067 1.463 0.781 0.541 0.397 3.952  0.185 0.032 —0.010 —0.036
DNS — GARCH 85.76 13.442  6.843 4.953 4.096 17.22  2.682 1.344 0.947 0.753 8.6564 1.337 0.657 0.447 0.335 1.800  0.261 0.107 0.046 0.001
DNS — GARCH — Macro 85.96  13.50  6.872 4.954 4.031 17.25 2.691 1.349 0.947 0.743 8.665  1.34 0.658  0.447 0.332 1.794  0.259 0.106 0.046 0.003
DNS — GARCH — MacroE1 85.69 13.576  7.027 5.190 4.380 17.21  2.703 1.373 0.985 0.798 8.650 1.344 0.666  0.459 0.350 1.803  0.256 0.101 0.039 —0.008
horizon = 12-month ahead
DNS 120.24 5549 21.874 13.88 10.21 23.99 9.131 3.294 2.034 1.480 11.969 3.337  0.972 0.553 0.388 2.344 —1.298 —0.886 —0.632 —0.485
DNS — Macro 120.84 53.57 19.94  12.146  8.716 24.09 8.829 2989 1.76 1.244 12.00 3.237 0.870 0.462 0.310 2.326 —1.238 —0.825 —0.577 —0.437
DNS — MacroE1 120.72  54.56  20.53  12.469  8.892 24.07 8.985 3.081 1.811 1.272 11.99 3.288° 0.901 0.479 0.319 2329 —1.269 —0.844 —0.587 —0.443
DNS — GARCH 118.88  14.42 3.330 4.670 6.527 23.78 2.648 0.366 0.579 0.898 11.89 1.176 —0.004 0.068 0.195 2.387 —0.001 —0.301 —0.341 —0.368
DNS — GARCH — Macro 119.27  14.72 3.402 4.635 6.398 23.85 2.695 0.377 0.574 0.878 11.92  1.192 —0.001 0.066 0.188 2.375 —0.011 —0.303 —0.340 —0.364
DNS — GARCH — MacroE1 118.99 15.36  4.483 6.039 8.130 23.80 2.796 0.548 0.796 1.151 11.90 1.225 0.056 0.140 0.279 2.384 —0.031 —0.337 —0.384 —0.419




The performance of economic evaluation is evaluated in terms of average utility gain (§) excess return

relative to the risk-free rate 6.

6. Concluding remarks

This research investigate the contribution of forward-looking macroeconomic data, and time-varying
yield volatility to the predictive performance of the factor-augmented DNS model. Forward-looking data
included are expectations of market participants on inflation, GDP growth, and the level of policy rate.
Data on expectations come from the Focus Survey of the Brazilian Central Bank. Results show that the
inclusion of these forward-looking variables improves out-of-sample forecast results, specially for shorter
maturity bonds.

The inclusion of time-varying volatility also improves out-of-sample forecasts based on statistical
measures of predictive ability for certain maturities. However, its value becomes clear when evaluating
the economic significance of forecasts. Portfolios formed based on the predictions of models includ-
ing GARCH effects generate large utility gains for investors regardless of the degree of risk aversion

considered.

References

ALMEIDA, CAIO IBSEN RODRIGUES DE, & FARIA, ADRIANO. 2014. Forecasting the Brazilian term

structure using macroeconomic factors. Brazilian Review of Econometrics, 34(1), 45-77.

ArTAaviLLA, CARLO, GIACOMINI, RAFFAELLA, & COSTANTINI, RICCARDO. 2014. Bond returns and

market expectations. Journal of Financial Econometrics, 12(4), 708-729.

ALTAVILLA, CARLO, GIACOMINI, RAFFAELLA, & RAGUSA, GIUSEPPE. 2017. Anchoring the yield

curve using survey expectations. Journal of Applied Econometrics, 32(6), 1055-1068.

ANG, ANDREW, & P1AzZzESI, MONIKA. 2003. A no-arbitrage vector autoregression of term structure

dynamics with macroeconomic and latent variables. Journal of Monetary economics, 50(4), 745-787.

ANG, ANDREW, P1azzesi, MoONIKA, & WEI, MIN. 2006. What does the yield curve tell us about
GDP growth? Journal of econometrics, 131(1-2), 359-403.

BEKAERT, GEERT, CHO, SEONGHOON, & MORENO, ANTONIO. 2010. New Keynesian macroeconomics

and the term structure. Journal of Money, Credit and Banking, 42(1), 33—62.

6We consider the risk free rate to be the interbank rate CDI.

20



BiaNcHI, FRANCESCO, MUMTAZ, HAROON, & SURICO, PAOLO. 2009. The great moderation of the

term structure of UK interest rates. Journal of Monetary Economics, 56(6), 856-871.

BikBov, RUSLAN, & CHERNOV, MIKHAIL. 2010. No-arbitrage macroeconomic determinants of the

yield curve. Journal of Econometrics, 159(1), 166-182.

BOLLERSLEV, TiM. 1986. Generalized autoregressive conditional heteroskedasticity. Journal of econo-

metrics, 31(3), 307-327.

CALDEIRA, JOAO F, LAURINI, MARCIO P, & PORTUGAL, MARCELO S. 2010. Bayesian inference

applied to dynamic Nelson-Siegel model with stochastic volatility. Brazilian Review of Econometrics,

30(1), 123-161.

CALDEIRA, JOAO F., MOURA, GUILHERME V., & SANTOS, ANDRE A. P. 2016. Predicting the Yield

Curve Using Forecast Combinations. Computional Statistics Data Analysis, 100(3), 79-98.

CHERNOV, MIKHAIL, & MUELLER, PHILIPPE. 2012. The term structure of inflation expectations.

Journal of financial economics, 106(2), 367-394.

CHRISTENSEN, BENT JESPER, & VAN DER WEL, MICHEL. 2019. An asset pricing approach to testing

general term structure models. Journal of Financial Economics, 134(1), 165-191.

CHUN, ALBERT LEE. 2011. Expectations, bond yields, and monetary policy. The Review of Financial

Studies, 24(1), 208-247.

CHUN, ALBERT LEE. 2012. Forecasting interest rates and inflation: Blue chip clairvoyants or econo-

metrics? In: FFA 2009 Bergen Meetings Paper.
Da1, QIANG, & PHILIPPON, THOMAS. 2005. Fiscal policy and the term structure of interest rates.

DE ANDRADE ALVES, CASSIO ROBERTO, ABRAHAM, KURUVILLA JOSEPH, & LAURINI, MARCIO PoO-
LETTI. 2023. Can Brazilian Central Bank Communication help to predict the yield curve? Journal

of Forecasting.

DE POOTER, MICHIEL, RAVAZZOLO, FRANCESCO, & VAN DK, Dick JC. 2010. Term structure
forecasting using macro factors and forecast combination. FRB International Finance Discussion

Paper.

DEWACHTER, HANS, & LyRIO, MARCO. 2006. Macro factors and the term structure of interest rates.

Journal of Money, Credit and Banking, 119-140.

21



DEWACHTER, HANS, LYR1O, MARCO, & MAES, KONSTANTIJN. 2006. A joint model for the term

structure of interest rates and the macroeconomy. Journal of Applied Econometrics, 21(4), 439-462.

DieBoLD, FrANCIS X, & L1, CANLIN. 2006. Forecasting the term structure of government bond yields.

Journal of econometrics, 130(2), 337-364.

DieBoLD, FrRANCIS X, P1AzzESI, MONIKA, & RUDEBUSCH, GLENN D. 2005. Modeling bond yields

in finance and macroeconomics. American Economic Review, 95(2), 415-420.

DieBoLD, FrRANCIS X, RUDEBUSCH, GLENN D, & ARUOBA, S BORAGAN. 2006. The macroeconomy

and the yield curve: a dynamic latent factor approach. Journal of econometrics, 131(1-2), 309-338.

DuUFFEE, GREGORY R. 2006. Term structure estimation without using latent factors. Journal of

Financial Economics, 79(3), 507-536.

DUFFEE, GREGORY R. 2011. Information in (and not in) the term structure. The Review of Financial

Studies, 24(9), 2895-2934.

DURBIN, JAMES, & KOOPMAN, SIEM JAN. 2012. Time series analysis by state space methods. Vol.

38. Oxford University Press.

EnvriNnGg, PAuL, GALLMEYER, MICHAEL, HEYERDAHL-LARSEN, CHRISTIAN, & ILLEDITSCH,
PuiLipp. 2018. Disagreement about inflation and the yield curve. Journal of Financial Economics,

127(3), 459-484.

ENGLE, ROBERT, & Na, VicTOR K. 1993. Time-Varying Volatility and the Dynamic Behavior of the
Term Structure. Journal of Money, Credit and Banking, 25(3), 336—49.

EXTERKATE, PETER, D1JK, DICK VAN, HELJ, CHRISTIAAN, & GROENEN, PATRICK JF. 2013. Fore-

casting the yield curve in a data-rich environment using the factor-augmented Nelson—Siegel model.

Journal of Forecasting, 32(3), 193-214.

FAVERO, CARLO A, Niu, LINLIN, & SALA, LucA. 2012. Term structure forecasting: no-arbitrage

restrictions versus large information set. Journal of Forecasting, 31(2), 124-156.

FERNANDES, MARCELO, & VIEIRA, FAUSTO. 2019. A dynamic Nelson—Siegel model with forward-

looking macroeconomic factors for the yield curve in the US. Journal of Economic Dynamics and

Control, 106, 103720.
FLEMING, MICHAEL J, & REMOLONA, ELI M. 2001. The term structure of announcement effects.

22



GALLMEYER, MICHAEL F, HOLLIFIELD, BURTON, & ZIN, STANLEY E. 2005. Taylor rules, McCallum

rules and the term structure of interest rates. Journal of Monetary Economics, 52(5), 921-950.

GARGANO, ANTONIO, PETTENUZZO, DAVIDE, & TIMMERMANN, ALLAN. 2019. Bond Return Pre-

dictability: Economic Value and Links to the Macroeconomy. Management Science, 65(2), 508-540.

GIACOMINI, RAFFAELLA, & WHITE, HALBERT. 2006. Tests of conditional predictive ability. Econo-

metrica, 74(6), 1545-1578.

GURKAYNAK, REFET S, & WRIGHT, JONATHAN H. 2012. Macroeconomics and the term structure.

Journal of Economic Literature, 50(2), 331-67.

HANSEN, PETER R, LUNDE, ASGER, & NASON, JAMES M. 2011. The model confidence set. Econo-

metrica, 79(2), 453-497.

HAarVEY, ANDREW C, Ruiz, ESTHER, & SENTANA, ENRIQUE. 1992. Unobserved component time

series models with ARCH disturbances.

HauTscH, NIKOLAUS, & YANG, Fuyvu. 2012. Bayesian inference in a stochastic volatility Nelson—Siegel

model. Computational Statistics & Data Analysis, 56(11), 3774-3792.

HORDAHL, PETER, TRISTANI, ORESTE, & VESTIN, DAVID. 2006. A joint econometric model of

macroeconomic and term-structure dynamics. Journal of Econometrics, 131(1-2), 405-444.

JosLIN, ScorT, LE, ANH, & SINGLETON, KENNETH J. 2013. Why Gaussian macro-finance term
structure models are (nearly) unconstrained factor-VARs. Journal of Financial Economics, 109(3),

604-622.

JOSLIN, ScOTT, PRIEBSCH, MARCEL, & SINGLETON, KENNETH J. 2014. Risk premiums in dynamic

term structure models with unspanned macro risks. The Journal of Finance, 69(3), 1197-1233.

JUNGBACKER, BORrRUS, KOOPMAN, SIEM JAN, & WEL, MICHEL. 2014. Smooth Dynamic Factor Anal-
ysis With Application To The Us Term Structure Of Interest Rates. Journal of Applied Econometrics,
29(1), 65-90.

KM, DoN H, & ORPHANIDES, ATHANASIOS. 2012. Term structure estimation with survey data on

interest rate forecasts. Journal of Financial and Quantitative Analysis, 47(1), 241-272.

23



KooprMAN, SIEM JAN, & VAN DER WEL, MICHEL. 2013. Forecasting the US term structure of interest

rates using a macroeconomic smooth dynamic factor model. International Journal of Forecasting,

29(4), 676-694.

KoopmAN, StEM JAN, MALLEE, MAX IP, & VAN DER WEL, MICHEL. 2010. Analyzing the term

structure of interest rates using the dynamic Nelson-Siegel model with time-varying parameters.

Journal of Business & Economic Statistics, 28(3), 329-343.

LAURINI, MARCIO POLETTI, & HoTTA, Luiz KoobI. 2010. Bayesian extensions to diebold-li term

structure model. International Review of Financial Analysis, 19(5), 342-350.

LupviGgson, SYDNEY C, & NaG, SERENA. 2009. Macro factors in bond risk premia. The Review of

Financial Studies, 22(12), 5027-5067.

MOENCH, EMANUEL. 2008. Forecasting the yield curve in a data-rich environment: A no-arbitrage

factor-augmented VAR approach. Journal of Econometrics, 146(1), 26-43.

NELSON, CHARLES R, & SIEGEL, ANDREW F. 1987. Parsimonious modeling of yield curves. ¢ Journal

of Business, 60(4), 473-489.

ORPHANIDES, ATHANASIOS, & WEI, MIN. 2012. Evolving macroeconomic perceptions and the term

structure of interest rates. Journal of Economic Dynamics and Control, 36(2), 239-254.
P1azzesi, MONIKA. 2001. An econometric model of the yield curve with macroeconomic jump effects.

P1azzesi, MONIKA. 2005. Bond yields and the Federal Reserve. Journal of Political Economy, 113(2),
311-344.

P1AzzeEST, MONIKA, SCHNEIDER, MARTIN, et al. 2009. Trend and cycle in bond premia. Vol. 424.

Citeseer.

PONCELA, PiLARr. 2013. Comments on “Forecasting the US term structure of interest rates using a
macroeconomic smooth dynamic factor model” by Koopman and van der Wel. International Journal

of Forecasting, 29(4), 695-697.

RapacH, DAVID, & ZHOU, GUOFU. 2013. Forecasting Stock Returns. Chap. 0, pages 328-383 of: EL-
LIOTT, G., GRANGER, C., & TIMMERMANN, A. (eds), Handbook of Economic Forecasting. Hand-

book of Economic Forecasting, vol. 2. Elsevier.

24



RUDEBUSCH, GLENN D, & Wu, TAo0. 2007. Accounting for a shift in term structure behavior with

no-arbitrage and macro-finance models. Journal of Money, Credit and Banking, 39(2-3), 395-422.

RUDEBUSCH, GLENN D, & Wu, TAo. 2008. A macro-finance model of the term structure, monetary

policy and the economy. The Economic Journal, 118(530), 906-926.

SARNO, LUCIO, SCHNEIDER, PAUL, & WAGNER, CHRISTIAN. 2016. The economic value of predicting

bond risk premia. Journal of Empirical Finance, 37(C), 247-267.

STARK, ToM, et al. 2010. Realistic evaluation of real-time forecasts in the Survey of Professional

Forecasters. Federal Reserve Bank of Philadelphia Research Rap, Special Report, 1.

THORNTON, DANIEL L., & VALENTE, GIORGIO. 2012. Out-of-Sample Predictions of Bond Excess
Returns and Forward Rates: An Asset Allocation Perspective. Review of Financial Studies, 25(10),
3141-3168.

VAN DK, Dick, KOOPMAN, SIEM JAN, VAN DER WEL, MICHEL, & WRIGHT, JONATHAN H. 2014.

Forecasting interest rates with shifting endpoints. Journal of Applied Econometrics, 29(5), 693-712.

VIEIRA, FAUSTO, FERNANDES, MARCELO, & CHAGUE, FERNANDO. 2017. Forecasting the Brazilian

yield curve using forward-looking variables. International Journal of Forecasting, 33(1), 121-131.

WELCH, Ivo, & GoyAL, AMIT. 2008. A Comprehensive Look at The Empirical Performance of Equity
Premium Prediction. Review of Financial Studies, 21(4), 1455-1508.

25



	Introduction
	Dynamic Factor Models for the Yield Curve
	Dynamic Nelson-Siegel model
	DNS in State-Space Representation
	The Factor-Augmented Nelson-Siegel Model
	Estimation Procedure
	Estimation of Linear State Space Models Based on the Kalman Filter
	Time-Varying Volatility


	Out-of-Sample Analysis
	The Economic Value of the Yield Curve Predictability

	Data and Results
	Data

	Results
	Economic Evaluation Results

	Concluding remarks

