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1. Introduction

The interaction between the term structure of interest rates and
macroeconomic variables has been extensively explored in a num-
ber of papers in the last decade or so. This momentum in the liter-
ature is partly due to the fact that ‘yields-only’ models based on
no-arbitrage were found to do well in fitting the cross-section of
yields at a particular point in time (Dai and Singleton, 2000), but
poorly in describing the dynamics of the yield curve (Duffee,
2002). Contributions to the literature include Fuhrer and Moore
(1995), Rudebusch (1995, 2002), Evans and Marshall (1996),
Fuhrer (1996), Ang and Piazzesi (2003), Bikbov and Chernov
(2010), Piazzesi (2005), Dewachter and Lyrio (2006), Hordahl
et al. (2006), and Rudebusch and Wu (2008).

This paper contributes to this literature by implementing a
parsimonious three-factor model of the term structure whose
dynamics is driven uniquely by observable state variables — macro-
economic variables in particular-, as opposed to latent variables. It
builds upon a three-factor model describing the term structure
behaviour first proposed in Nelson and Siegel (1987, NS hereafter)
and recently reinterpreted by Diebold and Li (2006, DL hereafter)
as a dynamic latent factor model.

The term structure literature can be divided into three main
streams. The first one relies on the optimizing behaviour of eco-
nomic agents, which can thus be cast within the dynamic stochas-
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tic general equilibrium (DSGE) framework. Early contributions to
the literature of equilibrium pricing include Cox et al. (1985),
Campbell (1986) and Dunn and Singleton (1986). The recursive
preferences of Epstein and Zin (1989) and Weil (1989) have also
been used extensively, as in Campbell (1993, 1996, 1999) and more
recently, Piazzesi and Schneider (2006). Currently, this approach
still needs unreasonable assumptions about risk aversion and the
elasticity of intertemporal substitution (EIS) to deliver satisfactory
results. Namely, the risk aversion parameter typically needs to be
substantially high, in what Mehra and Prescott (1985) called the
equity premium puzzle. Even if Bansal and Yaron (2004) were re-
cently able to match the equity premium using recursive prefer-
ences and a plausible value for the risk aversion parameter, this
in turn crucially relies on the high persistence of consumption
shocks. As for the EIS, even its magnitude is subject to controversy,
with Bansal et al. (2007) and Vissing-Jorgensen and Attanasio
(2003) estimating it to be above one and Hall (1988) and Campbell
(1999) documenting it to be close to zero.

A second stream of the literature adopts only the very basic
structure of the DSGE approach, namely the absence of arbitrage
opportunities, to study the term structure of interest rates, usually
imposing no-arbitrage when estimating a Vector Autoregressive
(VAR) model of yields - see, for instance, Ang and Piazzesi (2003),
Piazzesi (2005), Bikbov and Chernov (2010). In practice, one needs
to, first, specify the instantaneous interest rate and the prices of risk
for the factors assumed to affect the yield curve as functions of state
variables (such as economic activity and inflation); second, focus on
the asset pricing implications of the structure imposed. Although
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not usually explored (or even made explicit) in the literature, for
each choice of functional form above, in equilibrium, there should
be an economy consistent with these choices. The main (empirical)
lesson from this stream of literature is that one needs a combina-
tion of (observed) state variables plus an unobserved factor to ex-
plain the dynamics of the term structure of interest rates.

This paper, however, belongs to a third strand of the literature,
going back to NS and DL, in that it decomposes the yield curve into
three factors, namely level, slope and curvature, and relates them
to observable state variables to forecast the term structure of inter-
est rates without imposing no-arbitrage. The relevance of no-
arbitrage for forecasting purposes has been actively studied in
recent years: while Duffee (2008) finds that the restrictions on a
VAR implied by an arbitrage-free Gaussian dynamic term structure
model cannot be rejected against the alternative of an unrestric-
tred VAR, Joslin et al. (2011) show that no-arbitrage is irrelevant
for forecasting — in particular, their result implies that forecasts
using an arbitrage-free NS model, as in Christensen et al. (2009,
2010), are equivalent to unconstrained VAR forecasts.

The intuition of my modelling strategy is as follows. If the term
structure moves as a result of changes in the economic fundamen-
tals, the term structure factors (and, by consequence, the term
structure dynamics) should be somehow linked to these state vari-
ables. In this paper, I make this link explicit, so that the movements
of the term structure are completely exerted by the underlying
state variables.

In a number of related studies, observable and latent factors
coexist - see for instance Ang and Bekaert (2004), Rudebusch
and Wu (2004), Hordahl et al. (2006), Ang et al. (2005). In par-
allel, however, papers such Ang, Piazzesi, and Wei (2004) and
Bekaert, Cho, and Moreno (2004) have focused solely on obser-
vable state variables. This approach has a number of advantages.
First, the replacement of latent factors with observable state
variables as the only drivers of the term structure allows com-
paring alternative views on the way state variables influence
the yield curve dynamics. Besides telling more about the eco-
nomic fundamentals than latent variables, the use of observable
variables might also provide guidance to the construction of the-
oretical models of the term structure dynamics. Moreover, the
explicit link between term structure factors and observable state
variables allows performing policy experiments. As a result, one
can forecast the term structure by using forecasted variables, or
perform stress testing of the term structure using scenarios con-
structed using state variables. This feature is especially useful to
bankers, who are interested in forecasting bond prices and might
have a better idea of the expected state of the economy than the
expected state of the yield curve. Moreover, it is also of value to
financial authorities, as a tool to assess financial stability: for in-
stance, stress testing has become crucial in the risk management
toolbox of financial institutions to gauge their potential vulnera-
bility to exceptional - but plausible - events, and has even been
highlighted during the Basel II process as a useful tool in assess-
ing banks’ internal risk models.

A second advantage of the method here proposed is its robust-
ness to curse of dimensionality problems commonly appearing in
traditional models. The curse of dimensionality imposes con-
straints on the number of yields one can use, which results in espe-
cially poor measures of the term structure curvature: while one
needs at least three yields for the curvature to be defined, it is
not uncommon for researchers to use as few as five yields, making
it unlikely to obtain accurate measures of this factor. Here, instead,
the dimension of the parameter vector does not increase with the
number of yields under study, but with the number of state vari-
ables explaining them; this is very much in the spirit of linear
regression, where one loses degrees of freedom by including addi-
tional covariates, not more observations.

Third, the identification strategy comes out in a natural way.
Essentially, the baseline model needs the state variables driving
the term structure to be predetermined with respect to yields.
When I incorporate a Taylor rule into the model, the identifying
assumption made is also standard, requiring the state variables
to be predetermined with respect to the monetary policy
instrument.

I conduct in- and out-of-sample studies using US data. The in-
sample study uses a comprehensive set of macroeconomic vari-
ables to compare alternative specifications of the term structure
dynamics and suggests two models which I then use in the out-
of-sample exercise. The first one is a parsimonious model where
the level, slope and curvature factors of the term structure are dri-
ven by, respectively, measures of inflation growth, monetary pol-
icy, and economic activity (these are, respectively, the Consumer
Price Index growth rate, the Fed Funds rate, and the Unemploy-
ment Rate). The second specification is a richer one where the level
is driven by measures of inflation growth and economic activity,
the slope by monetary policy and economic activity, and the curva-
ture by fiscal policy growth. The out-of-sample study shows that
both specifications consistently outperform the (latent-variable)
benchmark model in the study of the yield curve behaviour during
the five NBER-dated recessions which occurred in the last decades.
Recessions are of interest not only for being bad states against
which economic agents are willing to insure, but also for being
periods which tend to be preceded by the inversion of the term
structure of interest rates, a feature usually difficult to be quickly
captured, if at all, by term structure models.

The paper is organized as follows. Section 2 briefly reviews term
structure estimation methods and recent developments of the NS
approach. Section 3 presents the model and discusses its identifica-
tion and implementation. Section 4 presents simulation results,
Section 5 performs an empirical exercise using US data and Section
6 concludes.

2. Yield curve estimation
2.1. Static methods

A number of approaches can be used to model the term struc-
ture of interest rates. First, one may consider models that make ex-
plicit assumptions about the evolution of state variables and use
either equilibrium or arbitrage methods, which corresponds to
modelling dynamic yield curves. According to this class of models,
the evolution of the yield curve is modelled as depending on a
small number of (arbitrarily chosen) factors. Since in most of the
cases the underlying state variable is the short term interest rate,
as in Vasicek (1977) and Cox et al. (1985, CIR), they are frequently
labeled as ‘short-rate models’. Subsequent extensions to multi-
factor models include the two-factor model of Longstaff and
Schwartz (1992), and the three-factor one of Balduzzi et al.
(1996, BDFS).

When it comes to fitting real data, one-factor models perform
poorly: the yield curve corresponding to the Vasicek model does
not allow a large range of shapes, whereas the ones corresponding
to CIR and extensions allowing time-varying parameters such as
Hull and White (1990) tend to evolve unrealistically over time. In
what regards multi-factor models, there is an understanding that
at least three factors are needed to generate a wide variety of yield
curve shapes, although even so the fit close to the long end tends to
be poor. On the other hand, Joslin et al. (2011) find evidence that
the four- and five-factor models examined in Cochrane and
Piazzesi (2008) and Duffee (2011) may be over-parameterized.
Moreover, choosing the state variables involves both a certain de-
gree of arbitrariness and a bit of art — direct factors may include the
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short rate, spot rates of various maturities, forward rates, swap
rates, whereas indirect ones may include the short rate volatility,
the mean short rate, the latter two rising issues such as the choice
of the sample period involved in their calculations. Further, multi-
factor models (such as the BDFS) usually lack of explicit formulae
and are of difficult calibration to market prices.

Alternatively, one can instead smooth data obtained from asset
prices to describe the static yield curve, usually without taking a
view on the factors driving it. This corresponds to fitting, the yield
curve as a whole. The analysis starts from information on asset
prices, from which one extracts the corresponding yields. As there
are only a few maturities available for which there are observa-
tions on prices (and, thus, yields), it is interesting to somehow
‘connect’ those points in order to evaluate instruments with matu-
rities different from those of the yields one has already extracted,
usually imposing some degree of smoothness. Among the estima-
tion methods most widely used, there are spline techniques (see
McCulloch (1971, 1975), Schaefer (1981) and Vasicek and Fong
(1982)), kernel methods, but also parametric classes of curves,
broadly known as the Nelson-Siegel family of curves.

The class of curves first proposed in NS is parsimonious and
does well in capturing the overall shape of the yield curve, being
popular among practitioners and central banks alike. Their objec-
tive is to describe the yield curve, not being consistent with the ab-
sence of arbitrage opportunities. For a sample of N bonds measured
at a given point in time, the yield curve as a function of time to
maturity t; is written as

1—e7u 1—eu

y(w) =it b (L) s (P

AT
i=1,...,N

e*“*) +u(ty),

providing a parsimonious representation of the term structure
which is consistent with a well-behaved discount function i.e. con-
tinuous, positive and decreasing in 7, taking value 1 when 7 = 0 and
approaching f; as tgrows large.! As we justify below, the parame-
ters f1, B2, B3 can be interpreted as, respectively, the level, (the neg-
ative of the) slope, and curvature components, whereas the
parameter /. controls the exponential decay of the yield curve: small
values produce slow decay and can better fit the curve at long matu-
rities, while large values generate a fast decay and can better fit the
curve at short maturities. Moreover, 1 also determines where the
loading on f5 achieves its maximum. The loading on $; is a constant,
implying that an increase in this factor increases all yields equally,
which results in a change in the level of the yield curve. The loading
on f3, is a function that starts at 1 but decays monotonically to zero,
implying that an increase in f, increases short yields more than long
yields, resulting in a change in the slope of the yield curve. As for f33,
this is related to the curvature of the term structure, as an increase in
B3 will have little effect on very short or very long yields, but will in-
crease medium-term yields, thus resulting in an increase of curva-
ture of the yield curve. As first described by DL, this representation
can be related to a dynamic three-factor model of, respectively, level,
slope, and curvature. It is then no surprise that in parallel with the
literature on short-rate models, Diebold et al. (2005) find no evi-
dence that extensions of Nelson-Siegel using four or five factors
would do better.

2.2. Nelson-Siegel and beyond

DL reinterprets the NS framework as a dynamic latent-factor
model. Essentially, for a given time period t the yield curve follows
(1), but since in practice one is often interested in assessing the
evolution of the yield curve over time, DL propose a version with

1 Equivalently, it guarantees positive forward rates at all horizons.

time-varying parameters, which evolve following a pre-specified
stochastic process. More formally, their model can be written as

1—e*t 1-esu
Ye(Ti) = B¢ + P (T) + Bt (T —e ’) + U (Ti);

xi=1,...,N, t=1,....T (2)

with the beta parameters following, for instance, univariate first-or-
der autoregressive processes, as in Diebold and Li (2006).

Estimation could in principle be carried out using Nonlinear
Least Squares (NLLS) although the usual practice since NS - and also
DL - has been to fix /. to a constant value, compute the factor load-
ings (regressors), and then use OLS to estimate {3;}. The parameter
/¢ determines the maturity t* at which the loading on the curvature
factor achieves its maximum (usually between 2 and 3 years), and
DL simply pick a /; such that this maximum is achieved at the
midpoint between these maturities - 30 months - and set
J*=2,=0.0609 due to the small number of yields and the gains
from using linear estimatio techniques. After computing the se-
quence {g,} of factors and the pricing errors, they model the factors
as a univariate AR (1) models and compare the forecasting power of
the model out-of-sample with a number of alternatives, with rea-
sonable performance, especially given the simplicity of the model.

The above framework is intuitive and easy to implement. How-
ever, despite the consensus that changes in the yield curve are ex-
erted by changes in macroeconomic conditions (or, more generally,
changes in state variables), the factors in the DL framework remain
latent, whereas in DRA latent and observable factors (pre-specified
by the researchers) coexist. Moreover, the estimation of the sto-
chastic processes driving the level, slope, and curvature factors
does not account for the measurement error coming from the fact
that {ﬁp}f,:1 are estimated rather than observed, so that any
asymptotic statements are likely to be misleading.

3. Term structure modelling

This section proposes a term structure modelling approach
building upon NS and its reinterpretation by DL. The main contrast
with respect to DL is that here the term structure dynamics is so-
lely driven by the dynamics of observable state variables, as op-
posed to latent factors. The intuition behind this idea is that if
the yield curve moves as a result of changes in relevant state vari-
ables, the factors should be somehow linked to these state vari-
ables. As a result, one can now, for instance, compare alternative
hypotheses on the variables driving the term structure factors
and state that level, slope and curvature factors are driven by,
say, measures of economic activity, inflation, and monetary policy
instrument, respectively.

3.1. A model with state variables

I now propose a model according to which movements of the
yield curve y/t) are exerted by predetermined observable state
variables, which I denote by M,_.2

Let 0 := (B, ).t)/ be a time-varying parameter vector determin-
ing the shape of the yield curve at time t. In what follows I decom-
pose it as a sum of two components, the first, 6 := (f, 1), being a
mean component, and the second being the combination of the

!
state variables M,_ and parameters 0 := (0",)., 0;) measuring their

impact on the latent variables. The model then reads
Ye(T) = Xe(20) B + ue(7) 3)

2 In what follows, given two variables A and B, I write A,_ if A is predetermined with
respect to B within period t.
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where y,(t) is the column vector of yields observed at date t. The
nonlinearity of the model comes from the estimation of /. in the
N x 3 matrix of factor loadings at period t,

P

1- — A 1- =
1 elei(r1/r11) exg(ﬂ/trlj _ eXp(*;.t'C])
1 1—exp(—4tTy) 1-exp(—4tTy) exp(—) T )
Xe(Ae) = e T T2
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and the error term is a martingale difference sequence with respect
to current and past covariate information, and uncorrelated in the
maturity domain, i.e. E[u/{7)u{t)]= 0?13 This specification can be
seen as a random-coefficients one for the term structure factors;
the factors vary over time given realizations of the state variables.*

Although this model is more costly to be estimated from the
numerical point of view than DL in the general case where /; is also
driven by state variables, this cost is offset by having the dynamics
of {B,} driven by state variables. Moreover, there are also gains
from modelling the dynamics of {4}, apart from a pure generality
argument. If the parameter 3, governs the intensity of the curva-
ture of the yield curve, the parameter A, governs the locus of its
‘tilting point’ or, alternatively, where the loading associated to
the factor f5; attains its maximum, thus making it unnatural to
be disconnected to the analysis of the term structure curvature.

In what regards identification, the argument goes as follows.
Data is observed at the monthly frequency, but recorded at differ-
ent moments within a given month - the state variables M;_ are
observed at the beginning of each month, whereas the yields are
observed at the end of the corresponding month. As a result, the
state variables M,_ are predetermined with respect to the yields.

Important features of the method are its robustness to errors in
variables, its parsimony, and its robustness to the curse of dimen-
sionality. First, as opposed to DL, where (i) the extraction of the {5}
sequence of parameters relies solely on the cross-sectional dimen-
sion of the data; (ii) the estimation of the AR (1) models for factor
dynamics relies solely on the time series dimension of the data;
and (iii) the estimation of the factor dynamics uses estimates of
{B.} as if they were data, incurring in measurement error problems,
estimation here relies on both the time series and the cross-
sectional dimension of the data and is done in one step. Thus, by
working on both T and N, the asymptotic results tend to be much
more accurate. Moreover, the fact that the estimation is done
simultaneously avoids the measurement error coming from the
fact that {ﬁp};z1 are estimated rather than observed in DL.

Second, parsimony results from the fact that the ultimate
parameters of interest are time-invariant. Third, as opposed to tra-
ditional VAR models such as in Evans and Marshall (2002), the
number of parameters to be estimated does not increase with
the number of yields, even after imposing zero restrictions that im-
ply exogeneity of macro variables with respect to yields.

Finally, when it comes to simulate the movements of the term
structure - or out-of-sample forecasting, more generally - one just
needs to plug-in updated (or forecasted) values of M;_ and com-
pute the resulting yields forecasts; alternative models, such as

3 The assumption of no-correlation is arguably restrictive. Previous versions of the
paper have considered more general models allowing for spatial dependence, i.e.
dependence across yields of close enough maturities, but without much success,
especially out-of-sample.

4 Decomposing the time-varying parameters as above assumes the relation
between state variables and term structure factors is deterministic, which might
obviously lead to biased results if this assumption does not hold in practice.

DRA, which contain both latent and observable factors, would need
to rely on extra assumptions on the latent part to do so.

3.2. Implementation

Let y(t) is the vector of yields observed at date t, and u,(.) is the
error term, both of dimension N x 1, X,(-) is N x 3, f, and f are
3 x 1, /4 and 7 are scalars, o, and o; are, respectively, k; x 1 and
k,x1,and M, = {gf’i; 03;’"} is 4 x k(=kg + k;).> The model con-
sists of N yield observations for each one of the T periods, k state
variables per period, and k + 4 parameters to be estimated, regard-
less of the number of yields or time periods in the sample - the
dimension of the parameter vector grows only with the number
of state variables in the model (say, at most three per factor, so that
most likely k< 12). Since i =l+M,_0o,, one can write
X:(Zt) = X:(4, ;) but should bear in mind that both tand M,, are
also arguments of X,(-) but are omitted for convenience.

The assumption that the error term ut) is a martingale differ-
ence sequence with respect to current and past covariate informa-
tion W, implies conditional moment restrictions of the form
E[uft)|W;] = 0. In particular, for every period t, one can use uncon-
ditional moments of the form E[Wju:(t)] =0, with sample
counterpart

where 0 := <0’ﬁ; 9;)/ = (B’, ol 7, a;')/ and where it should be noted
that M;,_ as an argument of X,(-,-) and is omitted for convenience.

Before defining the estimation problem, I define a number of
matrices. Start by stacking the yields by period to form the
NT x 1 vector y = [y1(t), y2(T), ..., y1(t)], then stack the X,(.) ma-
trix to form the NT x 3 matrix X(0,) = [X1(0;), X2(0,), ..., XH(0,)]
and the My matrix to form the NTxk matrix
XM(0,) = [(X1(0,)Mp1_), (X2(0,)Mpz_Y, ..., (Xr(0,)Mgr_)]; then let
Zy=[X{0,), X{(0,)Mp_] and its stacked version of dimension NT x
(3+k), Z=1[Z1(6,).Zx(0,), ..., Z(6,)], and let W = [W},... , W}]
be an instrument matrix of dimension NT x r(>=k+4). I use a
GMM estimator 0 of 0, which minimizes the following distance
of Gar(0) = - 3 S8 uiwy from zero:

0 = argmin(Gur (0)]'Awr(Gyr (6))
=arg r’giél[(NT)’l Wu] Anr[(NT) "Wy

= argmin((NT) "W'ly — Z(0;)0,]] An[(NT)"'W'ly — Z(0,)0y]]

where Ayr is an NT x NT, possibly random, positive semi-definite
weighting matrix with rank at least k + 4, and the last line shows
that nonlinearity comes from the subset of parameters
6, = (%, a;_)’ governing the locus of the tilting point of the yield
curve.

One particular case of the above estimator
W, = {Zt((),i), %] and Anr = Iny, which results in the Nonlinear
Least Squares estimator. Here, the associated covariance matrix is
given by Q=E(V,AcVy) E(V,AVoAoVi)E(V,AVy) ', where

Vo = limy 1o (NT) " 'Var

is when

the asymptotic variance is

5 In particular, Mt,:diag{mf‘,mfz,mf3,m;}. In the general case,

M. =My, My ]is 4 x k(=kj + k).
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((NT)’”ZZL sV, uitw,-t>, Vo= 2000 (vﬁ.,vg,,, V-, vm). with
details given in Appendix A, and Ay is a positive semi-definite ma-
trix such that Ayy — PAo.

The above estimation strategy highlights a number of desirable
properties of the model. First, the model is robust to curse of dimen-
sionality issues, as the dimension of the parameter vector does not
increase with the number of yields, but with the number of state
variables, which is kept at a manageable size. As a result, one does
need to restrain the number of yields used when estimating the
yield curve, which takes an especially heavy toll on the estimation
of the curvature, thus resulting in a poor estimation of the connec-
tion between this factor and any state variables associated to it.

Second, more than just allowing the comparison of alternative
specifications, one can test competing theories about variables
driving the term structure dynamics using inference tools.

Finally, and in contrast with most of the literature, the estima-
tion makes use of both the cross-sectional and time series dimen-
sions of the data, resulting in much faster convergence of the
parameter estimates.® This is of special interest given issues com-
monly raised against VAR models used in the analysis of monetary
policy: Rudebusch (1998), for instance, points out that the use of
quarterly data, together with the relatively frequent changes in mon-
etary policy in the postwar period results in either short time series
or misspecified VAR models, thus making inference unreliable: using
quarterly data, the twenty years of the ‘Greenspan era’ correspond to
only 80 observations.

4. Finite-sample performance

This section presents a simulation study investigating the finite-
sample performance of the estimation method - we keep the
discussion brief, see e.g. Podivinsky (1999) for a survey of the
finite-sample behaviour of GMM estimators. I generate state vari-
ables M;_, regressors X;, population parameter values, and errors
to generate the variables y,. For every experiment, | compute the
results of 1000 replications, with time-series and cross section
dimensions given by, respectively, T (=100,200,500) and N
(=25, 50, 100). The design of the simulation study is done to reflect
dimensions typically seen in empirical studies. In the cross-
sectional dimension, while CRSP yields would usually be less than
N =25, interpolated yields by McCulloch would typically be in the
range N = 50-100, depending on the period (the number of yields
tends to increase over time). In the time-series dimension,
T=100, 200 and 500 reflect 8.33, 16.66 and 41.66 years of data
at the monthly frequency, respectively.

The state variables M,_ are constructed by taking the exponent
of independent standard Gaussian random variables, the regressors
X, are standard Gaussian random variables, whereas the error
terms u, are Gaussian variables with a variance of 0.1.

In what follows, I consider model (3) with each factor driven by
one state variable. As in the empirical exercise, [ make the curva-
ture-related factors f3, and /,, i.e. the curvature intensity and the
location where the curve tilts are driven by the same state variable,
so that M,_ =diag{my,_, my;_, m3;_, m3,_}. In all the experiments,
B = (0.20,-0.10,-0.20), o4 = (0.95,0.95,0.80)’, A =0.05, and
7, =0.01. The parameters reflect an average term structure within
the sample period; we have also experimented with alternative
parameter values and obtained similar conclusions.”

5 The following Section illustrates the finite-sample properties of the method.

7 We checked for robustness in standard ways, such as running pilot experiments
with different dimensions of N, T and the number of replications, besides investigat-
ing different parameter values, i.e. different shapes of the term structure. In
particular, previous versions of the paper reported results of 500 replications with
parameter values g =(1,1,1), o5 =(1,1,1), 2=0.05, and ¢, =0.01 with similar
conclusions.

The simulation results reported in Table 1 show the conver-
gence of the fparameter estimates to their population values, with
increasing precision in both N and T: fixing one dimension, say
T =100, biases (or their absolute values) and especially their stan-
dard errors converge towards zero as the cross-sectional dimen-
sion increases. Conversely, fixing the cross-sectional dimension
(say N =25) biases and their standard errors tend to converge to
zero as the time series dimension grows large.

5. Application
5.1. Data

The data I use comprises end-of-month yields from US bonds
from January, 1970 to December, 2003 and US macroeconomic
variables obtained from the US Federal Reserve macroeconomic
database - the FRED - and observed at the monthly frequency.®
For every given period, the macroeconomic variables used are prede-
termined with respect to the interest data used. For instance, when
using the yield curve of 31 March, 1970, I make sure I only use vari-
ables dated prior to that, e.g. 1 March, 1970. In particular, the vari-
ables in level used date from 1 March, 1970, and the variables in
growth rate are the increment from 1 February 1970 to 1 March,
1970.

5.1.1. Interest rates

The interest rate data used consists of the unsmoothed Fama-
Bliss yields described and thoroughly discussed in Bliss (1997).°
The yields form an unbalanced panel of ranging from 42 to 134
observations per period. The average number of yields for the full
sample is 86.944, with a standard error of 26.854, the number of
periods in the full sample is T =408 months, and the longest matu-
rity used in the study is 60 months. The main features in the data
are the average upward-sloping yield curve, the fact that yield vola-
tility tends to decrease with maturity whereas persistence tends to
increase with maturity.'®

5.1.2. Macroeconomic variables

Based on the existing literature, [ consider measures of inflation,
economic activity, monetary policy, and fiscal policy. The inflation
measures used are the CPI (Consumer Price Index For All Urban
Consumers: All Items, seasonally adjusted), PPI1 (Producer Price
Index: Finished Goods, seasonally adjusted), PPI2 (Producer Price
Index: All Commodities, not seasonally adjusted), PPI3 (Producer
Price Index: Industrial Commodities, not seasonally adjusted),
and PCE (Personal Consumption Expenditures: Chain-type Price In-
dex, seasonally adjusted) - all measured in growth rates.

The measures of economic activity used are HOUST (Housing
Starts: Total: New Privately Owned Housing Units Started, season-
ally adjusted), INDPRO (Industrial Production Index, seasonally ad-
justed), EMP (Civilian Employment, seasonally adjusted) - all
measured in growth rates - plus TCU (Capacity Utilization: Total
Industry, seasonally adjusted), HELP (Index of Help Wanted Adver-
tising in Newspapers, seasonally adjusted) and UR (Unemployment
Rate, seasonally adjusted), measured in levels.

The monetary policy instruments used are FF (Federal funds
effective rate), NONBR (Non-Borrowed Reserves of Depository
Institutions, seasonally adjusted - the monetary aggregate the
Fed targeted during the period from October, 1979 to October,

8 The dataset is available from http://research.stlouisfed.org/fred2/.

9 I thank Robert Bliss for making his data available.

10 While the Fama-Bliss dataset has a large number of yields, one may be less
comfortable in using its longer maturities due to interpolation issues. Results
available from the author upon request show the robustness of the results when
considering the CRSP dataset, which has fewer yields and longer maturities.
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Simulation results for single-variable factor specification. The table reports results from the simulation experiments to assess finite-sample performance of the method. For each
cell, the bias and the standard error (in square brackets) of 1000 replications are reported.

T=100 T=200 T=500
N=25 N=50 N=100 N=25 N=50 N=100 N=25 N=50 N=100
B —0.0220 —0.0003 —0.0005 -0.0177 —0.0025 —0.0001 —0.0048 —0.0020 —0.0007
[0.1099] [0.0474] [0.0201] [0.0943] [0.0418] [0.0156] [0.0788] [0.0341] [0.0114]
B 0.0207 0.0019 0.0005 0.0173 0.0017 —0.0005 0.0047 0.0023 0.0006
[0.1119] [0.0518] [0.0295] [0.0942] [0.0444] [0.0242] [0.0777] [0.0366] [0.0196]
B3 0.0275 —0.0050 -0.0035 0.0212 0.0011 0.0040 0.0099 0.0019 -0.0012
[0.1973] [0.1169] [0.0826] [0.1743] [0.0095] [0.0665] [0.1364] [0.0763] [0.0575]
7 —0.0004 —0.0001 —0.0001 —0.0003 —0.0001 0.0001 0.0001 0.0000 —0.0001
[0.0061] [0.0031] [0.0021] [0.0043] [0.0024] [0.0016] [0.0030] [0.0017] [0.0010]
ay, 0.0006 —0.0002 0.0000 0.0016 0.0004 0.0000 0.0010 0.0003 0.0001
[0.0161] [0.0097] [0.0047] [0.0124] [0.0080] [0.0031] [0.0100] [0.0057] [0.0019]
oy, -0.0003 —0.0002 0.0000 -0.0015 —0.0002 0.0001 -0.0010 —0.0004 —0.0001
[0.0168] [0.0114] [0.0073] [0.0132] [0.0088] [0.0050] [0.0101] [0.0062] [0.0035]
ap, —0.0029 0.0016 0.0006 —0.0028 —0.0002 —0.0005 -0.0017 0.0003 0.0001
[0.0407] [0.0285] [0.0204] [0.0305] [0.0208] [0.0143] [0.0216] [0.0136] [0.0103]
, 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
[0.0012] [0.0006] [0.0005] [0.0007] [0.0005] [0.0003] [0.0004] [0.0003] [0.0002]
1982), and M1 (Money Stock, in Billions of Dollars, seasonally Table 2

adjusted).

All the above variables are recorded at the monthly frequency,
and were obtained from the FRED database. Finally, following Dai
and Philippon’s (2005) finding that fiscal policy affects the term
structure, I introduce the variable DEBT, which is their quarterly
fiscal policy variable interpolated to the monthly frequency and di-
vided by INDPRO, a proxy variable for GDP at the monthly fre-
quency. Panel A in Table 2 summarizes the macroeconomic
variables used.

5.2. On the economic determinants of the yield curve

This section starts by selectively reviewing the literature
addressing the relation between macroeconomic variables and
the yield curve factors, thus paving the way for the empirical strat-
egy | implement next. It goes without saying that with a set of
macroeconomic variables as big as the one available from the
FRED, there are countless alternative specifications to be compared
(153 =3375 using only the contemporaneous variables described
above), so that a pragmatic starting point would be to consider
specifications based on the existing literature and summarized
on Panel B in Table 2. The evidence documented in the literature
is used to construct alternative configurations of M;_ which are
then compared. For the sake of parsimony, I devote a section to sin-
gle-variable (SV) specifications — the ones where each factor is dri-
ven by one state variable only - before addressing the general
multi-variable (MV) case. I then use the ‘best’ SV and MV specifica-
tions in the out-of-sample comparison with the benchmark DL
model.

Much of the work in macro-finance gained momentum in the
late 1990s (see, for instance, Diebold et al. (2005), and references
therein). One of the early papers is Evans and Marshall (1996) -
to which Evans and Marshall (1998) also relates — where, using a
VAR framework, the authors study the impact of shocks of mea-
sures of monetary policy, employment and inflation on the nomi-
nal term structure of interest rates. Their results suggest that the
main effect of both employment and inflation measures is to in-
duce a parallel shift of the yield curve, whereas (short-run) fluctu-
ations in the slope and curvature of the yield curve are primarily
attributed to the monetary policy shocks.

Macroeconomic variables and term structure factors. The table summarizes findings
from the literature in what concerns the economic factors driving the level, slope and
curvature factors of the term structure of interest rates.

Economic activity Inflation Monetary Fiscal policy
policy

Panel A: Macroeconomic variables by group

UR? CPI FF~ DEBT

TCU- PCE NONBR

HELP? PPI1 M1

IP PPI2

EMP PPI3V

HOUST

Reference Level factor  Slope factor Curvature
factor

Panel B: Macroeconomic variables driving term structure factors

Evans and Marshall Employment Monetary Monetary
(1996) policy policy
Inflation
Ang and Piazzesi (2003) - Inflation Output
Piazzesi (2005) - Monetary -
policy
DRA (2005) Inflation Output -

Also within the VAR framework, but imposing no-arbitrage
restrictions, Ang and Piazzesi (2003) construct inflation and eco-
nomic growth indices which they address as macro factors. By a
factor representation of the pricing kernel they obtain a tractable
way to examine how those macro factors affect the yield curve
dynamics. However, in their study macro factors are able to ex-
plain only the short end and the middle of the yield curve. Due
to difficulty to deal with the long end they introduce latent factors,
now allowing the pricing kernel to be driven by both macro and la-
tent factors. By relying on a Gaussian assumption and on the affine
specification, they find that the slope and curvature factors can be
explained by the macro factors, whereas the level factor can be
only dealt with by using latent factors. In a related paper, but with-
in a different framework, Piazzesi (2005) finds that monetary pol-
icy shocks change the slope of the yield curve, since they affect
short rates more than long ones.

More recently, DRA examine the correlations between NS fac-
tors and macroeconomic variables under a VAR framework and
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find that the level factor is highly correlated with inflation and the
slope factor is highly correlated with real activity, whereas the cur-
vature factor does not appear to be related to any of the macroeco-
nomic variables used.

5.3. In-sample analysis

5.3.1. SV specification

I start estimating SV specifications, where each factor is driven
by one state variable only. These can be seen either as a parsimo-
nious way of approaching the problem or as a first step before con-
sidering more complex (and potentially difficult to compute)
specifications for M,_, besides providing additional out-of-sample
benchmarks for those more complex specifications. A simplifying
assumption made throughout the exercise is that the curvature
intensity fs; and the parameter governing the location of the tilting
point of the yield curve are the same.

Given two competing specifications with the same number of
variables, | compare them using the Mean Absolute Error criterion
(both the average and the median of the MAE’s across time are re-
ported). The MAE is of special interest here for providing a model
selection criterion, an idea of goodness-of-fit, and of mispricing
of the specifications. Given the large number of specifications
one can estimate, Panel A in Table 3 reports results of selected spec-
ifications from an exercise designed to select the best forecasting
variables from the different categories.!’ The results summarized
in Table 3 provide some insights on the forecasting ability of the
state variables.

First, specifications 1-5 suggest that CPI and PCE have a slightly
better forecasting ability for the level factor than PPI-related vari-
ables. Second, specifications 6-8 suggest that the best monetary
policy variable explaining the slope is FF. Third, specifications 9-
14 suggest that UR is the best economic activity variable explaining
the curvature factor. UR is also the economic activity variable
doing the best job at explaining the level factor (see specifications
15-20) and the slope (see specifications 21-26). Further, the best
monetary policy variable explaining curvature is FF (see specifica-
tions 27-29), and the best economic activity variable is UR (see
specifications 9-14). The better performance of specifications 31
and 33 when compared to 32 and 34, respectively, suggest that
CPI does a better job at explaining the level than PCE, while spec-
ifications 35-44 fit the data rather poorly.

The investigation of the variable DEBT in a number of specifica-
tions comes from recent evidence that fiscal policy does play a role
at explaining the curvature factor of the term structure (Dai and
Philippon, 2005). However, the fact that specifications with UR in-
stead of DEBT as drivers of the curvature factor seems to be robust
(in particular, compare specifications 30 and 33). All in all, there
seems to be a dominance of specifications for which inflation
(either CPI or PCE) explains the level, monetary policy (FF) explains
the slope, and economic activity (UR) explains the curvature of the
term structure i.e. specification 33 is the best-performing one. This
specification shares with DRA the fact that the level factor is driven
by an inflation measure and with Evans and Marshall (1996) and
Piazzesi (2005) the fact that the slope is driven by a monetary pol-
icy variable (since monetary policy instruments typically have
more effect over the short- than the long-term of the term struc-
ture). Finally, it relates to Ang and Piazzesi (2003) in that the cur-
vature factor is driven by an output-related variable.

In what follows, I refer to the best SV specification (specification
33 in Table 3, Panel A) as SV - see Panel B in Table 3 for the corre-
sponding parameter estimates. The parameter estimates for the SV

1 The results are robust with respect to choice of selection criterion used - using
the minimum value of the criterion function, the AIC or the BIC criteria gives the same
results in terms of the preferred specifications.

Table 3
Results for single-variable specifications. The table reports, respectively, average and
median MAEs in the last two columns. The preferred specification is marked with *.

Specification ~ Level Slope Curvature  Avg (MAE) Med (MAE)
Panel A: SV Specifications

1 CPI FF M1 1.010 0.830
2 PCE FF M1 1.031 0.825
3 PPI1 FF M1 1.012 0.836
4 PPI2 FF M1 1.025 0.830
5 PPI3 FF M1 1.023 0.833
6 PCE FF DEBT 1.069 0.869
7 PCE NONBR  DEBT 1.822 1.395
8 PCE M1 DEBT 1.823 1.415
9 CPI FF UR 0.833 0.696
10 CPI FF TCU 1.022 0.851
11 CPI FF HELP 1.058 0.893
12 CPI FF IP 1.036 0.873
13 CPI FF EMP 1.042 0.898
14 CPI FF HOUST 1.050 0.889
15 UR FF DEBT 0.877 0.736
16 TCU FF DEBT 1.041 0.854
17 HELP FF DEBT 1.069 0.873
18 IP FF DEBT 1.053 0.881
19 EMP FF DEBT 1.063 0.851
20 HOUST FF DEBT 1.062 0.865
21 PCE UR M1 1.629 1.284
22 PCE TCU M1 1.817 1.449
23 PCE HELP M1 1.668 1.279
24 PCE IP M1 1.815 1.448
25 PCE EMP M1 1.817 1.437
26 PCE HOUST M1 1.811 1.401
27 UR FF FF 0.854 0.738
28 UR FF NONBR 0.884 0.746
29 UR FF M10 0.872 0.739
30 CPI FF DEBT 1.048 0.886
31 CPI FF M1 1.010 0.830
32 PCE FF M1 1.031 0.825
33* CPI FF UR 0.833 0.696
34 PCE FF UR 0.836 0.701
35 UR FF UR 0.873 0.727
36 CPI UR DEBT 1.048 0.886
37 PCE UR DEBT 1.468 1.203
38 UR UR DEBT 1.521 1.272
39 CPI UR M1 1.462 1.199
40 PCE UR M1 1.467 1.170
41 UR UR M1 1.526 1.287
42 CPI UR UR 1.462 1.211
43 PCE UR UR 1.467 1.179
44 UR UR UR 1.523 1.262

Specification (65, (7/1)’ Avg-Med (MAE)

()

Panel B: Parameter estimates for best SV specification

SV:  peCPl 10655 [0.091] 55820 [1317] 0.833 — 0.696
P:FF —10.148  [0.089] 0.892  [0.003]
Bs:UR —13.661 [0.169] 2177  [0.019]
J¢:UR 0007 [0.001] 0004  [0.001]

model show the positive impact of CPI on the level of the term
structure, the impact of the monetary policy instrument FF on
the slope (actually defined as —f,,), and the impact of UR on both
the intensity and the locus of the curvature, all of them found to be
significant using Newey and West (1987) standard errors to ac-
count for the time dependence in the data. Interestingly, neither
the CPI nor the UR are revised, which makes them attractive as pre-
determined variables with respect to yields. When coupled with
the real time Taylor rule proposed in Evans (1998), the findings
are consistent with what one would intuitively expect, in the sense
that the yield curve tends to invert for values of FF above the Taylor
rule, but remaining upward-sloping for values below the threshold.

5.3.2. MV specifications
Based on the findings in the literature, SV specifications are
probably too simple to account of the term structure dynamics in
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Table 4
Results for multi-variable factor specifications. The table reports estimates for alternative MV specifications and their respective MAEs and Schwarz’s BIC criteria, in the last two
columns.
Specification Level Slope Curvature Avg (MAE) BIC
Panel A: MV specifications
1 CPI, PCEZ, UR FF, UR DEBT, FF?, UR? 0.759 49.191
2 CPI, UR FF, UR DEBT, FFZ, UR 0.759 45.097
3 CPI, PCEZ, UR BT, UR DEBT, UR? 0.844 45.100
4 CPI, PCE, URFF,UR FF, UR DEBTZ, FF? 0.800 45.099
5 CPI, UR FF, UR DEBT, FF 0.972 41.025
6 CPI, PCEZ, UR FF, UR DEBT, FFZ, UR? 0.819 41.004
7" CPI, URFF, UR FF, UR DEBT 0.820 36.910
Specification (ﬁ’, Z)’ (65, (;/.)’ Avg-Med (MAE)
Panel B: Parameter estimates for best MV specification
MV: B1:CPI —2.017 [0.304] 47.564 [1.330]
FreUR 2.094 [0.284] 1.791 [0.014] 0.820
Boc:FF 0.886 [0.004]
Ba2i:UR -1.727 [0.017]
PB3:DEBT 2,011 [0.551] ~6.029 [0.153]
¢:DEBT 0.031 [0.001] ~0.035 [0.002]

* The best specification according to the BIC.

2 Non-significance (at the 5 percent significance level) of the corresponding parameter.

a satisfactory way. The natural next step is then to study the more
general MV specifications. Based on the results reported in Table 3,
I employ a general-to-specific approach starting with a specifica-
tion where CPI, PCE and UR drive the level, FF and UR drive the
slope, and DEBT, FF and UR drive the curvature. The alternative
specifications compared in Panel A of Table 4 show that several
coefficients in the larger models are statistically insignificant. The
model with the smaller BIC and with all of the parameters statisti-
cally significant is specification 7 - which I from now on refer to as
MV, which has the level driven by CPI and UR, the slope by FF and
UR, and the curvature by DEBT. Albeit more parsimonious than the
full model the average MAE is only slightly larger.

The parameter estimates for the MV model are reported on Pa-
nel B of Table 4. The findings are in line with previous results in
that economic activity and inflation drive the level factor (as in
Evans and Marshall, 1996), economic activity (as in DRA) and mon-
etary policy (as in Evans and Marshall, 1996; Piazzesi, 2005) drive
the slope, and fiscal policy drives the curvature factor, consistent
with findings of Dai and Philippon (2005). Note, however, the per-
formance of the model in terms of MAE is very similar to the SV
model.

The parameter estimates - all of which significant - show the
upward impact of inflation on the term structure, as expected.
The parameters related to the slope also have the expected sign,
with FF affecting shorter rates more strongly, but UR having the
opposite effect, as one would expect given the typical relation be-
tween these two variables.

5.4. Incorporating economic relations

So far, the model presented considers only state variables which
are predetermined with respect to the yield curve, not exploring (i)
any interdependence among them; (ii) any forecasts of their future
values, both of which are expected to play a role at explaining fu-
ture realizations of the yield curve. In this Section 1 discuss how to
incorporate into the model information on the joint behaviour of
the state variables. Intuitively, by informing the model that certain
variables are related one should expect to get more accurate re-
sults, provided the relation imposed holds.

I now inform the model about the joint behaviour of the state
variables using a feedback interest rule, or Taylor rule. Taylor
(1993) suggested a simple formula describing how the US Federal
Open Market committee has set the Federal funds rate since 1987
as a response to measures of inflation and output gaps - this rela-

tionship has been dubbed the Taylor rule and has been extensively
studied and developed since then. Despite its simplicity, the Taylor
rule has a number of appealing properties. Woodford (2001) shows
how it incorporates several features of an optimal monetary policy
in a class of optimizing models, and provides conditions under
which the Taylor rule has a stabilizing effect on the economy. More
recent developments such as Clarida et al. (2000, CGG hereafter)
propose and estimate a Taylor rule incorporating both forward-
and backward-looking elements. The former account for the fact
that the monetary authority is considering future paths of the out-
put and inflation gaps when setting the current value of the mon-
etary policy instrument, whereas the latter arises as a consequence
of interest rate smoothing conducted by the monetary policy
authority - see also Rudebusch (1995). In what follows, I estimate
both forward- and backward-looking versions of the Taylor rule.
Instead of using quarterly data, as in CGG, I use monthly observa-
tions and find that, by and large, their results follow through to the
monthly frequency.

The results of this section provide the ground for alternative
ways of computing out-of-sample forecasts, in the sense that one
can plug into the model estimated quantities generated by a model
inspired by (or consistent with) economic theory to obtain esti-
mates of the future behaviour of the term structure.

5.4.1. Taylor rules

In what follows I consider the following specification proposed
and estimated in CGG, which nests both forward- and backward-
looking versions of the Taylor rule and posits that the target rate
each period is a linear function of the gaps between expected infla-
tion and output and their respective target levels,

=1+ 70+ 7 [E(Te [e) — 7] + P E(8ey, [Ve)

where 1, is the information set available at time ¢, 7;;, denotes the
percent change in the price level between periods t and t + [, (ex-
pressed in annual rates), 7* is the target for inflation, rr(=r* — ©*)
is the long-run equilibrium real rate, with r* being, by definition,
the desired nominal rate when both output and inflation are at their
target values. g, is a measure of the average output gap between
periods t and t + I,, with the output gap being defined as the percent
deviation between actual GDP and the corresponding target.!?

12 Typically, the information set at time t contains past values of the Fed Funds rate
and other economic variables, and usually no information on current inflation and
output measures.
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Table 5
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Taylor rule results. The table reports estimates alternative Taylor rules. The symbols I, I, I denote, respectively, the lags (or forward shifts, for negative values) of the inflation,
economic activity and interest rate variables. Specification BWTR1 uses a constant, current values of CPI and UR, and lagged values of CPI, UR, and FF as instruments. Specification
BWTR2-4 use the same instruments as BWTR1 plus 2-4 lagged versions of CPI, UR, and UR. Newey-West standard errors with 12 lags are reported inside square brackets.
Specification FWTR1 uses a constant, current values of CPI and UR, and lagged values of CPI, UR, and FF as instruments. Specification FWTR2-4 use the same instruments as
FWTR1 plus 2-4 lagged versions of CPI, UR, and UR. Newey-West standard errors with 12 lags are reported inside square brackets.

Leads/lags of macroeconomic variables

s lg I

Panel A: Taylor rule specifications

(Backward) Taylor rule <0 <0 -

(Backward)’Taylor rule with interest rate smoothing <0 <0 <0

Clarida-Gali-Gertler >0 >0 <0
BWTR1 BWTR2 BWTR3 BWTR4 FWTR1 FWTR2 FWTR3 FWTR4

Panel B: Results for backward- and forward-looking Taylor rules

Iepr 0 ) —6 ~10 1 1 1 1

lur 0 -2 -6 -10 1 1 1 1

Irr -1 -1 -1 -1 -1 -1 -1 -1

Instrument lags 1 1 1 1 1 2 3 4

P 2.264 2.273 2.355" 2.866" 2427 1.929* 1.702** 1.605™
[2.127] [1.408] [1.388] [1.691] [1.358] [0.870] [0.770] [0.746]

yUR 1.158 0.410 0.598 0.352 0.454 0.473 0.618 0.615
[1.380] [0.504] [0.431] [0.416] [0.498] [0.381] [0.394] [0.404]

CPI* 1.257 2.270 1.715 2.089 2.020 1.640 1.085 0.911
[6.491] [3.305] [2.177] [1.882] [2.898] [3.054] [3.461] [4.084]

P 0.986"** 0.964"* 0.951"* 0.949"* 0.965"** 0.952"** 0.948"** 0.950"*
[0.001] [0.002] [0.002] [0.002] [0.002] [0.002] [0.002] [0.002]

R? 0.993 0.993 0.993 0.993 0.993 0.993 0.993 0.993

J-statistic 26.153" 6.326" 1.128 0.860 0.377 7.787 10.654 12.894

df 2 2 2 2 2 5 8 11

* Significance at the 10 percent level.

** Significance at the 5 percent level.
*** Significance at the 1 percent level.
Following CGG, the actual Fed funds rate follows Table 6

re=pLyr+ 1 - p)r;

where p(L) = p; + p,L+---+ p, L' and p = p(1) = X, p;, which
postulates a partial adjustment of the Fed funds rate to the target r;,
with pbeing an indicator of the degree of smoothing of interest
changes by the monetary policy authority.

Combining the target rate and Fed funds equations above re-
sults in the Taylor rule

re=1—=p)r + (1 =y + "7y, + V28] + (DT + &

where & = (1 p) ()" [E(Ter, W) — Ter,] + 75 [E(gy, W) — ) is 2
linear combination of forecast errors, thus being orthogonal to
any variable in the information set /.. As one can only identify
the term rr* + (1 — y™)x*, but not 17" or y” separately, and the infla-
tion target is of interest, CGG assume that the equilibrium real rate
™ equals its sample average. This specification allows a number of
choices regarding the lead/lag periods of inflation and output, I, and
I, respectively, and lags for the Fed funds, I.. The parameters of
interest are 7, y”, %, {pj}}'."zl, so that the dimension of the parame-
ter vector is 3 + [.. It also nests a number of specifications, as shown
in Panel A in Table 5.3

The regression equation above implies the set of moment
conditions

E(fre = (1= p)Irr + (1 =y + V" Tt + 7584, ) — p(Dreaz) = 0

where z; is a vector of instruments known when r; is set (z; € ;)
and Tt t> Sty and r,_; also belong in ..

13 Note that the Taylor rule is usually applied to quarterly data, whereas I consider
monthly data.

NBER-dated recessions considered. The table reports the five NBER-dated recessions
considered, their starting and ending months, and their duration in months.

Recession code  Start date End date Duration (months)
R1 November, 1973  March, 1975 16
R2 January, 1980 July, 1980 6
R3 July, 1981 November, 1982 16
R4 July, 1990 March, 1991 8
R5 March, 2001 November, 2001 8

The above moment conditions are used to obtain parameter esti-
mates using the Generalized Method of Moments. As in CGG, I set the
equilibrium rate rr* to its sample average, so I can identify the infla-
tion target. To make the feedback rule consistent with the SV speci-
fication, Ireplace r with FF, T with CPI, and I also follow Evans’ (1998)
implementation of the Taylor rule, replacing the output gap with the
unemployment gap using Okun’s law, besides setting the natural
rate of unemployment to UR; = UR" = 6.'* Moreover, I assume that
current inflation and unemployment are not observed when setting
the Fed Funds rate, i.e. neither of them belongs in i/;. The moment con-
ditions thus become E(gz,) =0, wheres; =[FF,—(1-p)
[rr + (1 = yPYCPI" +yPICPl;_1 1 + +YYR3(6 — URe_14)] — P(L)FFe1].

Interestingly, given that in the SV specification the slope is dri-
ven by the Fed funds rate, the above specification can be linked to
the interest-rate rule proposed in McCallum (2005), according to

14 Arthur Okun observed that a one percent fall in the unemployment rate from its
full employment level tended to produce a three percent increase in real GDP relative
to trend. See Evans (1998) for a discussion and robustness checks.
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Table 7

3249

Overall accuracy of alternative specifications. The table reports the overall accuracy of alternative specifications. The underlined quantities are the smaller values for a given time

period and episode.

Month Recession R1 Recession R2 Recession R3

DL Sv SV-TR MV MV-TR DL Sv SV-TR MV MV-TR DL N SV-TR MV MV-TR
Panel A: Recessions 1-3
1st 131 1.56 0.65 1.71 1.00 4.48 0.88 1.38 1.03 1.26 1.81 0.88 5.36 1.01 498
2nd 0.81 1.16 0.82 1.22 1.13 4.57 1.69 1.77 1.82 1.69 3.50 247 2.58 2.47 1.89
3rd 0.62 1.17 0.79 1.16 1.08 428 1.48 1.35 1.45 1.28 5.18 2.61 2.65 2.58 225
4th 0.60 0.56 0.39 0.68 0.59 1.99 3.22 2.26 3.25 2.55 4.98 2.32 2.31 2.40 2.05
5th 1.09 0.45 0.33 0.52 0.41 1.81 0.81 1.08 0.90 3.72 1.71 1.68 1.65 1.52
6th 1.48 0.95 0.85 0.87 0.67 1.60 0.91 0.74 0.83 0.66 4.84 243 2.36 2.22 2.14
7th 137 121 113 094 100 494 232 228 193 200
8th 1.57 1.67 1.60 1.39 1.15 4.85 1.21 1.26 1.25 0.90
9th 1.74 1.69 1.67 1.32 115 4.58 2.49 2.52 2.39 2.30
10th 1.88 1.12 113 0.83 0.67 4.74 1.03 1.08 0.91 0.91
11th 1.14 1.05 1.06 0.92 0.63 4.79 0.69 0.72 0.74 0.59
12th 1.38 0.71 0.79 0.61 024 5.72 1.54 1.59 1.53 1.40
13th 1.05 0.34 0.38 0.40 0.28 5.02 1.55 1.58 1.62 1.51
14th 0.77 0.37 0.40 0.57 0.43 447 2.67 2.66 2.53 2.49
15th 0.99 0.71 0.65 1.79 1.07 2.98 1.76 1.75 1.59 1.63
16th 0.73 1.09 1.03 1.68 1.65 2.81 1.87 1.86 1.71 1.69
Month Recession R4 Recession RS

DL N SV-TR MV MV-TR DL Sv SV-TR MV MV-TR

Panel B: Recessions 4-5
1st 1.30 0.46 0.35 0.40 0.38 1.79 0.84 3.45 0.69 3.75
2nd 0.97 0.90 0.93 0.91 0.82 2.52 0.64 0.65 0.60 0.56
3rd 1.02 0.71 0.72 0.73 0.64 2.98 0.71 0.72 0.78 0.55
4th 1.11 0.64 0.64 0.67 0.59 3.24 0.93 0.94 0.91 0.74
5th 1.52 0.58 0.58 0.59 0.53 3.71 0.78 0.79 0.75 0.71
6th 1.77 0.57 0.57 0.56 0.51 4.03 0.96 0.97 0.90 0.86
7th 1.86 0.86 0.86 0.87 0.82 4.72 1.29 1.30 1.32 1.21
8th 1.88 1.00 0.99 0.98 0.95 479 1.23 1.23 117 1.34

which the monetary authority reacts to term premia - the slope in
particular - when setting the monetary policy instrument.'®

The parameter estimates of the forward-looking Taylor rule are
reported on Panel B in Table 5. Although only the former is statis-
tically significant, the responses to CPI inflation and unemploy-
ment rate are consistent with the results in CGG, which uses
1960:1-1996:4 data at the quarterly — as opposed to monthly -
frequency. The closest inflation target level to their estimates is gi-
ven by FWTRI1, although not significant, and the interest rate
smoothing parameter is more persistent than theirs. The good-
ness-of-fit of the specifications is very similar and none of them
is rejected when testing for overidentifying restrictions.

Forward-looking Taylor rules might give accurate descriptions
in-sample, but if the aim is to do out-of sample forecasting, one
needs backward-looking ones. Panel B in Table 5 also reports esti-
mates for alternative specifications of backward-looking Taylor
rules regarding the choice of Icp; and Iyg, the horizons at which
the monetary policy authority looks when setting the monetary
policy instrument.

The results for the backward-looking Taylor rules are robust to
alternative horizons, and suggest that - at least at the monthly fre-
quency - the monetary authority looks mostly at past inflation and
past values of the monetary policy instrument when setting its
current value. The persistence in the Fed funds rate is shown to
be high, and even the non-significant parameters y"% and CPI* tend
to gravitate across a relatively narrow interval, at least for non-zero

15 The McCallum interest-rate rule also allows rationalizing the empirical failure of
the expectations hypothesis - see also Gallmeyer et al. (2005).

values of Icp; and Iyg. The J-statistics suggest that the horizon at
which the Fed looks is at least six months back. When compared
to the forward-looking estimates, the responses to inflation seem
to be tougher, and both the response to unemployment and the
inflation target level are found not to be statistically significant.

5.5. Out-of-sample analysis

This Section reports the results of an out-of-sample study con-
sidering five episodes of economic interest: the five NBER-dated US
recessions which have entirely occurred during the period 1970-
2003. Recessions are of economic interest per se being bad states
of nature, characterized by reduced economic activity and in-
creased lay-off of workers, thus being events against which eco-
nomic agents are willing to insure. Moreover, within the term
structure literature, recessions are of interest for being periods
which tend to be preceded by the inversion of the yield curve, a
feature often difficult to be quickly captured - if at all — by term
structure models, making the exercise both more interesting and
challenging. The recessions considered are described in Table 6.1°

For every month in each of the five recessions, I compare the
forecasts of the alternative specifications using two measures of
accuracy. I also report results for specifications SV-TR and MV-
TR, which incorporate the Taylor rule in an attempt to improve
forecasting ability.

16 The NBER-dated recession going from December 1969 to November 1970 is not
considered here since the dataset starts on January, 1970.
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Maturity-disaggregated accuracy. The table reports the accuracy of alternative specifications disaggregated at the maturity level. The underlined quantities are the smaller values

for a given time period and episode.

Maturity Recession R1 Recession R2 Recession R3

DL N SV-TR MV MV-TR DL Sv SV-TR MV MV-TR DL N SV-TR MV MV-TR
Panel A: Recessions 1-3
1mo 2.45 0.90 0.96 0.90 0.73 2.89 1.61 2.32 1.57 2.17 3.73 1.44 1.89 1.49 1.73
2mo 1.36 0.86 0.90 0.86 0.70 2.57 1.60 2.30 1.55 2.14 1.64 143 1.88 1.48 1.71
3mo 0.63 0.83 0.85 0.82 0.67 2.81 1.57 2.26 1.51 2.09 0.79 1.44 1.90 1.48 1.71
4mo 0.95 0.80 0.81 0.80 0.65 3.09 1.52 2.20 1.46 2.02 1.65 1.46 1.91 1.51 1.71
5mo 1.49 0.57 0.57 0.54 0.58 3.42 1.45 2.12 1.39 1.95 2.72 1.40 1.85 1.40 1.60
6mo 1.93 0.60 0.57 0.58 0.58 3.67 1.33 1.98 1.31 1.81 3.57 1.48 1.91 145 1.66
7mo 2.23 0.62 0.56 0.63 0.59 3.94 1.25 1.86 1.24 1.69 417 1.55 1.97 1.50 1.71
8mo 2.36 0.66 0.56 0.66 0.55 4.12 1.19 1.74 1.19 1.58 4.58 1.51 1.93 143 1.66
9mo 2.37 0.71 0.59 0.71 0.58 419 1.15 1.63 1.14 1.49 4.84 1.57 1.97 1.51 1.72
10mo 227 0.75 0.63 0.76 0.61 4.21 1.13 1.54 1.09 1.40 5.01 1.62 2.01 1.58 1.77
11mo 2.12 0.78 0.65 0.80 0.63 422 1.03 1.49 1.10 1.37 5.11 1.68 2.05 1.65 1.82
12mo 1.94 0.81 0.66 0.90 0.72 4.22 1.01 1.47 1.13 1.33 5.18 1.78 2.14 1.71 1.83
24mo 1.27 0.91 0.76 1.00 0.76 3.06 1.02 0.97 1.04 0.85 4.57 1.37 1.74 1.24 1.40
36mo 0.84 0.91 0.80 1.01 0.79 2.80 0.92 0.96 0.93 1.03 5.01 2.16 2.32 2.02 2.06
48mo 0.70 1.02 0.86 1.03 0.77 1.89 1.85 1.56 1.89 1.68 3.63 1.66 1.90 1.61 1.71
60mo 0.93 2.13 1.95 2.21 2.01 4.00 3.38 2.95 3.45 2.87 428 4.61 4.81 4.57 4.69
Maturity Recession R4 Recession R5

DL Sv SV-TR MV MV-TR DL N SV-TR MV MV-TR

Panel B: Recessions 4-5
1mo 6.90 0.68 0.79 0.65 0.75 7.01 1.36 1.73 121 2.02
2mo 5.77 0.71 0.82 0.69 0.78 6.45 1.42 1.79 1.28 2.07
3mo 4.83 0.71 0.82 0.70 0.78 5.98 1.45 1.82 131 2.09
4mo 4.07 0.70 0.80 0.69 0.76 5.59 1.47 1.84 1.33 2.10
5mo 347 0.67 0.78 0.67 0.72 5.28 1.47 1.87 1.33 2.09
6mo 3.00 0.67 0.77 0.67 0.71 5.03 1.51 1.87 1.36 2.10
7mo 2.64 0.66 0.70 0.66 0.66 4.84 1.50 1.47 135 2.08
8mo 2.35 0.39 0.45 033 0.39 4.69 1.11 1.47 0.99 1.71
9mo 2.13 0.39 0.45 035 0.39 4,57 1.10 1.47 0.97 1.69
10mo 1.93 0.40 0.44 037 0.38 445 1.08 1.47 0.94 1.65
11mo 1.77 0.41 0.44 0.41 0.39 435 1.08 1.44 0.93 1.63
12mo 1.63 043 0.45 0.44 0.40 4.24 1.06 1.42 091 1.59
24mo 1.35 0.57 0.56 0.53 048 3.33 0.54 0.87 0.61 0.87
36mo 0.98 047 0.50 0.49 0.50 2.79 0.78 0.95 0.80 0.78
48mo 0.42 1.25 1.17 1.26 1.11 2.73 0.87 1.24 0.85 1.02
60mo 0.84 0.69 0.61 0.70 0.60 2.35 1.51 1.85 1.59 1.64

The ways I compute the out-of-sample forecasts are as follows.
For the macro-based specifications, assume the estimation sample
has observations from periods t=1,...,T, where t=1 is January,
1970 and t = Tis the month preceding the recession of interest. After
obtaining parameter estimates using the estimation sample, the
yield curve forecast for period t* > T, denoted as yr are obtained
either from observed or estimated values M;- of the state variables
using the previously estimated parameters - in the case of the SV
and MV specifications, I keep the parameter estimates fixed and
keep updating the matrix M, of state variables every period.

When it comes to the SV-TR and MV-TR specifications, I esti-
mate the Taylor rules as above, and just update the information
on CPI, UR, and FF every period, thus obtaining a Taylor rule-based
estimate of the value of FF the following period.

Finally, for the DL model, I estimate the model for every period
t=1,...,T, compute the AR (1) processes describing the dynamics
of each factor, and re-estimate the model at every period t > t*.!”

17 See Diebold and Li (2006) for a thorough out-of-sample comparison of their
model and previously existing ones.

As a measure of ‘overall accuracy’, | compute average MAEs for
the entire duration of each recession, i.e. for every month t* of a gi-
ven recession, [ compute

1 & ,
OA; = N > [Pe(t) =ye(1))],  t €Recession
j=1

where N;- refers to the number of yield at period t* in the recession.
The results reported in Table 7.

The results in Table 7 show that the macro-based specifications
consistently outperform the latent variable model. In fact, DL can-
not beat its competitors for any month in Recessions R3-5. When
comparing SV and MV specifications, the former tends to perform
better in the first two or three months of the recessions, being then
outperformed by the latter. This suggests that it might take time
for all the state variables to work in favour of the MV specification
in such periods.

The results for R1 show the dominance of the MV-TR model,
especially during the second half of recession R1. Its performance
is followed by the SV-TR model, which suggests that Taylor rules
convey information about the future state of the term structure.
It also shows the potential effect of a change in policy regime on
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the forecasting ability of the TR specifications - R2 was the first
recession following the monetary policy experiment, right after
its introduction.'® As a result, the SV and MV-TR models perform
closely, and the Taylor rule does not seem to provide a substantial
gain to the models incorporating it.

The results for Recessions R3-5 show a clear dominance of the
MV-TR specification, which might suggest two things. First, that SV
specifications are way too simple to describe the term structure
dynamics. Second, that incorporating Taylor rules does indeed play
a role, improving the accuracy of the forecasts.

As a measure of ‘maturity-disaggregated accuracy’, I report
time-averaged MAEs for fixed maturities, i.e. for a given maturity
7; I calculate

MDA, = l >

#t _
t* cRecession

Ve (1) = ¥e(5)]

where #t* denotes the number of periods in the recession. The re-
sults are reported in Table 8.

Table 8 reports results that confirm the view that macro-based
specifications outperform the benchmark DL model. For R1, the re-
sults suggest a superior performance of the MV-TR specification up
to the 36-month maturity, after which the DL specification tends to
do better.

The results for Recessions R2-3 show the superior performance
of the MV and, to a lesser extent, SV specifications, most likely due
to the change in the policy regime resulting from the monetary
policy experiment. For R4-5, there seems to be a dominance of
the MV specification, at least for maturities up to 10-12 months.
For Recession R4, the better performing specification from the
11-month maturity towards the long end of the curve is MV-TR,
whereas for Recession R5 it is specification SV which performs bet-
ter between the 24- and 60-month maturities.

Although it is not obvious which macro-based specification per-
forms best throughout the exercises, all of them consistently out-
perform the latent-variable benchmark.

6. Conclusion

This paper proposes a term structure model with factors driven
uniquely by observable - as opposed to latent - state variables. The
explicit link between the term structure factors and the state vari-
ables allows comparing alternative views on the drivers of its
dynamics and competing economic hypotheses.

The method is robust to curse of dimensionality issues com-
monly appearing in the literature. This happens because instead
of increasing with the number of observations (yields) used, the
dimension of the parameter vector increases with the number of
state variables. As a result, the method is in a position to deliver
more accurate measures of the curvature factor, thus better
explaining intermediate maturities i.e. the ‘belly’ of the curve.

The estimation method uses both the cross-sectional and time
series dimensions of the data, which results in faster convergence
of the parameter estimates and more reliable inference. This is in
stark contrast with VAR models, which are subject to the criticism
that they make researchers choose between either short time ser-
ies or misspecified models, thus making inference unreliable - a di-
rect consequence of the frequent changes in policy regimes in the
postwar period (Rudebusch, 1998).

The empirical exercise uses a comprehensible set of US macro-
economic data to compare alternative specifications of the term
structure. In the in-sample study, the baseline (SV) specification

18 See Clarida et al. (2000) for a study of how the Taylor rule changed with this
regime change.

is such that the level, slope and curvature factors are driven by,
respectively, measures of inflation (CPI growth), monetary policy
(the Fed Funds rate), and economic activity (the unemployment
rate). The out-of-sample study compares macro-based models to
a latent-variable benchmark model for five NBER-dated recessions
in the last three decades, showing that the former consistently out-
performs the latter.

This paper raises a number of questions for future research.
First, how does the method perform using alternatives such as
expectations variables obtained in consensus forecasts as state
variables. Second, how it performs as a risk management tool,
which should be relevant to financial institutions and regulators.
Third, how it performs when coupled with VAR models feeding it
with macroeconomic variables, or measures such as the Bernanke
and Mihov (1998) monetary policy indicator.

Despite its reliance on the Nelson-Siegel family of curves, it is
by no means restricted to it. Nelson-Siegel curves are used here
due to their intuitive appeal, well-known properties, and the com-
mon understanding that they are a reasonable first-order approxi-
mation to the yield curve. Alternative methods can be used and are
left for future research.
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Appendix A. Covariance matrix derivation

As in the text, V, = (Vj, Vg,, V;, Vg,), where

v, = X(0;)
Vs, = XM(0;)
9X1(0;)
122
0X(0:) 5 _ | axi0y) | 7
vV = - — | Xl0)
e T H T
9Xr(0,)

DA

with general element

0 ¢ b1 +exp(—(A+My_0,)T1)
0Xe(0,) | 0 o P +EXP(=(A+ M- 0,)72)
oL |-
0 odn Oy +eXP(—(/+ M 0,)TN)
and

_exp((+ My 0)T) s 1 -exp(=(2+ My 0)T)
i (A+M;y_0,)T; V [(2+M/1[,0'/1)T1]2

is

i=1,....N
Finally,
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