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Abstract

In the context of predicting the term structure of interest rates, we explore the marginal predictive

content of real-time diffusion indexes extracted from a “data rich” real-time dataset, when used in dy-

namic Nelson-Siegel (NS) models of the variety discussed in Diebold and Li (DNS: 2007) and Svensson

(NSS: 1994). We find that the indexes have significant predictive content for sample periods ranging

from 2001 through 2010. Additionally, DNS and NSS type models that include these indexes are the

mean square forecast error (MSFE) “best” performers, when compared with various other economet-

ric specifications, for the same period. In our top ranked models, diffusion indexes are sometimes

optimally constructed used un-targeted principal component analysis (PCA), and sometimes using

targeted PCA in conjunction with elastic net and least absolute shrinkage operators. The news is

not all good for models utilizing indexes constructed from real-time datasets, however. In particular,

after 2010 relatively few “data-rich” prediction models “beat” a random walk benchmark. Also, fore-

cast combinations that utilize models that exclude real-time diffusion indexes yield the lowest overall

MSFEs, dominating all other combination and individual models, across all sample periods, forecast

horizons and bond maturities. Two key conclusions from our analysis are the following. First, fully

revised data may have an important confounding effect upon results obtained when instead carrying

out real-time prediction experiments. Second, real-time diffusion indexes matter when comparing the

predictive performance of individual models, indicating the presence of unspanned macroeconomic

risks in the term structure of interest rates. However, there appear to be two different ways to “cap-

ture” these unspanned risks. One is to use data rich real-time diffusion indexes, and another is to

simply combine predictions from many non-data rich models.
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1 Introduction

The term structure of interest rates contains crucial information for forecasting macroeconomic variables

and pricing interest rate contingent assets. As a consequence, forecasts of U.S. Treasury bill and bond

yields remain important inputs in models used in industry and government. In this paper, we add to the

literature on interest rate prediction by carrying out an extensive set of forecast experiments in order

to explore the marginal predictive content of so-called “data rich” or real-time latent macroeconomic

factors (i.e., real-time diffusion indexes) in Nelson-Siegel (NS) type models. The particular data-rich

environment that we examine is one in which real-time data that include the entire revision history for

each variable are analyzed. For example, real-time GDP observations for calendar date December 2000

include the first “reading” on 4th quarter 2000 GDP that was available in March 2001, and well as the 1st

revised version of this datum that became available in June 2001, and so on, up until the present date.

Thus, real-time datasets include entire sequence of revisions for each calendar dated observation. Data

such as these allow researchers to simulate “truly” real-time forecasting environments, which differs from

the common practice of using so-called fully revised data in forecasting experiments. This is important,

as “fully revised” data consist of observations that were not actually available to market participants in

real-time.

We carry out our prediction experiments for various sub-samples between 2001 and 2018, and results

are evaluated using a number of benchmark linear models. In particular, we assess the following classes

of models: (i) DNS type models of the variety recently examined by Diebold and Li (2007), (ii) dynamic

Nelson Siegel Svensson (NSS) type models (see Svensson (1994)), and (iii) various benchmark models,

including vector autoregressive (VAR) and autoregressive (AR) models. The real-time diffusion indexes

that we utilize are extracted using principle component analysis (PCA) of 130 U.S macro-variables for

which McCracken and Ng (2016) have constructed a real-time dataset.1 When incorporating information

from this dataset in our analysis, we use both un-targeted and targeted methods. Our un-targeted method

is based on application of PCA to the entire dataset, while our targeted method involves using either

the well-known elastic net or the least absolute shrinkage operator (LASSO) to “pre-select” a subset

of variables for subsequent use in PCA.2 For a discussion of targeted and un-targeted diffusion index

construction methods, see Bai and Ng (2007,2008), Carrasco and Rossi (2016), Ghysels and Marcellino

(2018), Kim and Swanson (2014), and Schumacher (2007,2009). For a discussion of forecasting using

factor augmented Nelson-Siegel models, see Exterkate, van Dijk, Heij, and Groenen (2013).

Although many sophisticated models of the term structure have been examined in the literature, sim-

1The models utilized in this paper do not include a separate and important class called mixed-frequency models. For

an interesting discussion of mixed frequency modeling and diffusion indexes, see Andreou, Gagliardini, Ghysels and Rubin

(2018).
2Refer to Kim and Swanson (2014), Stock and Watson (2012), and the references cited therein for a discussion of

shrinkage methods for forecasting with many predictors.
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pler regression-based approaches to forecasting treasury yields have the best track record for minimizing

out-of-sample mean squared forecast error (MSFE). The most popular of these models is currently the

Dynamic Nelson-Siegel (DNS) model, as discussed in Diebold and Li (2006). The DNS model is a dy-

namic version of the NS model introduced by Nelson and Siegel (1987), where cross-section movements

in the term structure are summarized by dynamic level, slope, and curvature factors, assumed to follow

AR(1) (or VAR(1)) processes. DNS type models have become the leading method for yield curve fore-

casting at many policy institutions (see BIS (2005)), and although this development is largely due to

the successful empirical performance of these models, findings in the recent literature suggest that DNS

model performance has deteriorated in recent (post credit crisis) years (see Altavilla, Giacomini and

Ragusa (2017), Diebold, and Rudebusch (2012), and Mönch (2008)). This might be explained by regime

changes or structural breaks, for example. Other potential causes include generic model misspecification,

model over-fitting, and measurement error. One possible solution to this problem has centered around

the introduction of new variants of DNS type models. A candidate model, which we examine in this

paper is the so-called dynamic NSS model mentioned above.

Another possible solution to the problem mentioned above centers around the recent general consensus

that has emerged in the literature stating that one should look beyond the cross section of yields when

pinning down the dynamic behavior of interest rates (Duffee (2011)). Along these lines, modeling the

co-movements of the underlying economy by specifying diffusion indexes (Stock and Watson, 2002a), or

using key macroeconomic indicators, has proven useful in predicting yields. For example, using a dynamic

factor model, Coroneo, Giannone and Modugno (2016) find that real economic activity and real interest

rates contain predictive content for government bond yields that are not spanned by the cross-section of

yields. Ang and Piazzesi (2003) and Mönch (2008) also report improved forecasts using affine models,

when using principal component-based macroeconomic factors (i.e., diffusion indexes). Additional recent

studies consider enlarging the information set used in prediction with either observable macroeconomic

factors (Diebold, Rudebusch and Aruoba (2006) and Rudebusch and Wu (2008)) or surveys (Altavilla,

Giacomini and Ragusa (2017)). Ludvigson and Ng (2009) find that adding macroeconomic factors helps

when forecasting bond risk premia. As discussed above, our empirical analysis adds to this literature

by assessing the marginal predictive content of real-time diffusion indexes constructed in a data-rich

environment. These indexes are used alone and as inputs into other models including DNS, NSS, and

benchmark linear models; and predictions of yields at various maturities and for various forecast horizons

are constructed. Additionally, data shrinkage methods are implemented when estimating indexes, and

a number of forecast combinations are examined. Finally, results are tabulated for various sub-samples

between 2001 and 2018 in order to assess whether model rankings are dependent upon sample period.

A number of clear-cut findings emerge upon examination of the results of our prediction experiments.

First, real-time diffusion indexes have marginal predictive content when added to all of the individual
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models considered in our analysis, for sample periods ranging from 2001 through 2010. Additionally,

DNS and NSS models are the mean square forecast error (MSFE) best performers, when compared with

all other econometric specifications, for the same period. Thus, there are unspanned macroeconomic

risks, and they can be captured using real-time prediction methods. Second, elastic net and LASSO

shrinkage operators are used for constructing indexes in many of our MSFE-best models. However, this

is not a universal finding, as there are some cases where simple un-targeted use of our entire real-time

dataset yields the MSFE-best models. Third, after 2010 “data-rich” prediction models perform much

worse, with RW forecasts often yielding lower MSFEs.3 It is argued that this is due at least in part to the

low variability associated with the current zero-lower bound interest rate regime after 2010. Moreover,

forecast combinations based on all models that exclude diffusion indexes (i.e., based on a combination

of DNS, NSS, and various simple benchmark models) yield the lowest overall MSFEs, dominating all

other models, across all sample periods, forecast horizons and bond maturities. This result is in contrast

to the findings of Swanson and Xiong (2017), where the inclusion of diffusion indexes always leads to

predictive improvement. However, only fully revised macroeconomic data are utilized in that paper.4

Two key conclusions can be drawn from these findings. First, fully revised data may have an important

confounding effect upon results obtained when instead carrying out real-time prediction experiments.

Second, real-time diffusion indexes matter when comparing the predictive performance of individual

models, indicating the presence of unspanned macroeconomic risks in the term structure of interest

rates. This finding is particularly true when the economy is not in an economic regime associated with

a zero-lower bound and low interest rate variability. However, there appear to be two different ways to

“capture” these unspanned risks. One is to use data rich real-time diffusion indexes in individual models,

and another is to simply combine predictions from many non-data rich models.

The rest of the paper is organized as follows. Section 2 describes the dynamic Nelson Siegel models

that we analyze, and Section 3 discusses yield curve prediction with macroeconomic diffusion indexes.

Section 4 includes details describing our empirical setup, Section 5 details the data used in our analysis,

and Section 6 contains a summary of our empirical findings. Concluding remarks are gathered in Section

7.

3The same results hold when the benchmark is an AR(SIC), with lags selected using the Schwarz information criterion.
4The methodology used in the survey paper of Swanson and Xiong (2017) also differs from that used here in a number

of other dimensions. For example, those authors do not use targeted methods, such as the elastic net and LASSO, for

constructing diffusion indexes. Also, as they do not use real-time data in their analysis. Finally, they consider only a small

subset of the models examined here.
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2 Dynamic Nelson Siegel Models

2.1 Three-factor Dynamic Nelson Siegel Model

Motivated by rational expectation theory, Nelson and Siegel (1985) express spot interest rates in terms

of instantaneous forward rates. Namely, the instantaneous forward interest rate of a bond with maturity

m is denoted as f(m), and the spot interest rate of a bond with maturity τ as y(τ). Then, the yield to

maturity of a bond can be written as the average of forward rates

y(τ) =
1

τ

∫ τ

0

f(m)dm.

Nelson and Siegel (1985) motivate the use of the following model of the forward rate that can generate

monotonically increasing, humped, and occasionally S-shaped yield curves, a range of shapes for yield

curves:

f(m) = β1 + β2 · exp(
m

θt
) + β3 · [(

m

θt
)exp(

m

θt
)],

where λt = 1
θt

is the so-called decay parameter, which must be estimated, is assumed fixed in this model,

and is time varying in the dynamic version of the model discussed below. It is then easy to derive the

following model for bond yields:

y(τ) = β1 + β2 · [
1− exp(− τ

θt
)

τ
θt

] + β3 · [
1− exp(− τ

θt
)

τ
θt

− exp(− τ
θt

)].

In the above model, the latent factors (i.e., the “betas”) are fixed. Diebold and Li (2006) generalize

this model to allow for time-varying betas: β1,t, β2,t and β3,t. Their so-called Dynamic Nelson-Siegel

(DNS) model is estimated using a two-step procedure. First, the rate of decay λt is set to a constant.

Next, at each point in time, t, the yield cross section is linearly projected onto the set of factor loadings

(1, 1−exp(−λtτ)
λtτ

, 1−exp(−λtτ)
λtτ

−exp(−λtτ)). In our experiments, various different dimensions are considered

when specifying the yield cross section. Namely, we consider yield cross sections using 10, 12, and 30

different yield maturities. For example, with our 12-dimensional cross section, we estimate the latent

factors by fitting the following regression:

yt(τ1)

yt(τ2)

yt(τ3)
...

yt(τ12)


12×1

=



1 1−exp(−λtτ1)
λtτ1

1−exp(−λtτ1)
λtτ1

− exp(−λtτ1)

1 1−exp(−λtτ2)
λtτ2

1−exp(−λtτ2)
λtτ2

− exp(−λtτ2)

1 1−exp(−λtτ3)
λtτ3

1−exp(−λtτ3)
λtτ3

− exp(−λtτ3)
...

...
...

1 1−exp(−λtτ12)
λtτ12

1−exp(−λtτ12)
λtτ12

− exp(−λtτ12)


12×3


β1,t

β2,t

β3,t


3×1

The betas (i.e., β̂1,t, β̂2,t, and β̂3,t) are called the “level”, “slope”, and “curvature” factors. In particular,

note that the loading on β̂1,t is one, which is naturally interpreted as the “level” factor. The loading

on β̂2,t decreases as bond maturity increases, resulting in an increase of the “slope” of bond yield curve.
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Finally, the loading on the third latent factor, β̂3,t, starts from zero on the short end of yield curve, reaches

its peak at some maturity in the middle, and gradually decays to zero as maturity goes to infinity. Figures

3 exhibits the three NS factors estimated with ordinary least squares for sample period 1988:8 - 2017:10.5

In summary, the DNS model can be written as follows:

ŷt(τ) = β̂1,t + β̂2,t · [
1− exp(−λtτ)

λtτ
] + β̂3,t · [

1− exp(−λtτ)

λtτ
− exp(−λtτ)]. (2.1)

In order to construct predictions using the DNS model, we fit estimated factors to AR and VAR models,

as follows.

β̂i,t+1 = ci + γiβ̂i,t + εt i = 1, 2, 3 or, (2.2)

β̂t+1 = c + Γβt + εt, (2.3)

where εt is a scalar stochastic disturbance term, εt is a 3×1 vector of stochastic disturbance terms, and

ci, c, γi, and Γ, i = 1, ..., 3, are conformably defined constants, constant vectors and constant matrices.

With these last two models, one con construct predictions of the β̂i,t, for i = 1, ..., 3, which can in turn be

inserted into the above model of ŷt(τ) in order to generate predictions thereof. In all experiments in the

sequel, rolling estimation is carried out when estimating the above models (and all other models), using

windows of length 120 months, so that “real-time” predictions are constructed in all cases. Additionally,

we consider two types of prediction models. In one, the decay paraemter is fixed. In the other, the decay

parameter is re-estimated prior to the construction of each new prediction. For further details, including

a recent review of Treasury yield curve modeling using DNS models, see Diebold and Rudebusch (2013)

and De Pooter (2007). For further discussios comparing arbitrage free dynamic latent factor and DNS

models, see Ang and Piazzesi (2003), Diebold, Rudebusch and Aruoba (2006), Christensen, Diebold, and

Rudebusch (2011), Duffie (2011), and the references cited therein.

2.2 Four-factor Nelson-Siegel-Svensson Model

Svensson (1994) extends the Nelson-Siegel Svensson (NSS) model by adding a fourth term, that allows

for a second “hump” shape. In particular, he proposed the following four-factor model for fitting the

instantaneous forward interest rate:

f(m) = β1 + β2 · exp(
m

θ1,t
) + β3 · [(

m

θ1,t
) · exp(

m

θ1,t
)] + β4 · [(

m

θ2,t
) · exp(

m

θ2,t
)].

5An increase in the “level” component, β1t, affects all yields equally, thus it determines the level of the yield curve. Also,

as maturity τ goes to infinity, β1t = yt(∞) by definition. An increase in “slope” component β2t affects short rates more

than long rates, thereby changing the slope, or the so-called “term spread” of the yield curve. Finally, an increase in β3t,

the “curvature” component, will increase medium-term yields and have little effect on the short and long end of the curve.

Therefore, the yield curve will becomes more hump shaped. As demonstrated in Diebold and Li (2006), the “level” factor

can be approximated with the 10-year bond yield, the “slope” factor can be approximated with 10-year - 3-month bond

yield spreads, and the “curvature” factor moves closely with two times the 2-year yield minus the sum of the 3-month and

10-year yields.
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Notice that in the above equation there are now two different decay parameters controlling the double-

hump shape of the forward curve, called θ1 and θ2. Similar to the DNS model, we consider a dynamic

version of the NSS model. Thus, we utilize the following variant of the DNS model (factor estimation

and prediction construction is carried out using the DNS modeling approach discussed above).

ŷt(τ) = β̂1,t + β̂2,t · [
1− exp(−λ1,tτ)

λ1,tτ
] + β̂3,t · [

1− exp(−λ1,tτ)

λ1,tτ
− exp(−λ1,tτ)]

+ β̂4,t · [
1− exp(−λ1,tτ)

λ2,tτ
− exp(−λ2,tτ)],

where we now have two decay parameters, as discussed above. These are called λ1,t and λ2,t. As discussed

in De Pooter (2007), the second hump in the NSS model is difficult to identify without imposing additional

restrictions. We adopt his approach to solving this issue, which includes assumptions that the two humps

are at least one year apart, and that the second hump reaches its maximum for a maturity which is at

least twelve months shorter than the first hump. Additionally, it is assumed that λ1 6= λ2, in order to

avoid multicollinearity. Figures 4A - B plots the four NSS factors estimated with static and dynamic

decay parameters, λ1,t and λ2,t. Figure 4C plots estimated rates of decay used in the construction of the

four Nelson-Siegel-Svensson factors, where the rates of decay (λ1,t, λ2,t) are either set to fixed numbers,

or estimated recursively using nonlinear least squares. See Section 3.1.2 for details on model estimation.

3 Unspanned Risks and Diffusion Indexes

Whether or not macroeconomic, financial and other non-yield information is useful in fitting and forecast-

ing the yield curve remains an open question. As Duffee (2013) points out, yields are usually hypothesized

to follow Markov a process, which implies that all information in fundamental economic variables should

already be embedded in yield cross sections. This leaves no role for so-called “unspanned risks”, as prox-

ied for by additional economic variables and/or diffusion indexes constructed in a data rich environment.

Namely, he argues that, at least theoretically, it is redundant to add current non-yield information in the

above forecast equation for interest rates. On the other hand, in the empirical literature there are many

examples where adding economic variables and diffusion indexes has proven to be effective in improving

yield curve fitting as well as forecasting. In particular, Ang and Piazzesi (2003) find that macroeco-

nomic variables are significant for explaining Treasury security yield dynamics, based on a VAR analysis.

Mönch (2008) shows that adding estimated diffusion indexes to an affine Gaussian term structure model

improves out-of-sample forecast performance. Diebold, Rudebusch, and Aruoba (2006) investigate the

bidirectional causality between yield betas and macro variables and discover strong evidence in favor of

linkages between macroeconomic variables and future yield curve dynamics.

Recently, focus has turned to so-called big data, and to the analysis of the usefulness of largescale

datasets in the above context. As noted in Bernanke and Boivin (2003), monetary policy-makers and
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academics alike are very interested in examining the (predictive) usefulness of a wide range of variables

in a data-rich environments. For example, the predictive usefulness of diffusion indexes constructed using

largescale datasets has been examined in countless academic papers in the past few years. The same

is certainly true in industry, where the prevalence of big data and related machine learning methods is

readily apparent. One important aspect of big data in our context is the use of so-called real-time data,

as discussed in the introduction. Recently, McCracken and Ng (2016) and St. Louis Federal Reserve

Bank’s data desk created the FRED-MD, which is a large monthly real-time database that contains over

130 macro-variables and all revisions of all of these variables. The dataset contains variables summarizing

economic output and income, labor markets, consumption, money and credit, housing, and stock market,

for example. Moreover, they show that diffusion indexes extracted from their FRED-MD dataset contain

the same predictive content as diffusion indexes constructed using the classic Stock and Watson dataset

(Stock and Watson (2002a,b)). However, the FRED-MD is a real-time database, while the Stock and

Watson dataset contains only fully revised data. Several studies have revealed the importance of collecting

and updating such real-time datasets including Diebold and Rudebusch (1991), Hamilton and Perez-

Quiros (1996), Bernanke and Boivin (2003), and the papers cited therein.

In this paper, we ask the following question: Are diffusion indexes useful for predicting yields, when

the data used to construct the indexes are purely “real-time”, rather than fully revised as in Swanson

and Xiong, (2017), for example. We motivate the use of diffusion indexes by adopting a dynamic factor

model framework resembling that used by Coroneo, Giannone and Modugno (2016) and many others.

Namely, we assume that yields curve factors, (which are the betas in the above discussion are are here

called Fy,t), are driven by both past yield curve factors and macro factors, called Fx,t. Additionally, it is

assumed that macroeconomic variables are driven only by Fx,t only. Thus, we posit the following model:Fy,t+h
xt

 =

cy
cx

 +

Γy Γx

0 Γxx

Fy,t
Fx,t

 +

ey,t+h
ex,t

 ,

where cy, cx are vectors containing constant terms, h is the forecast horizon, Γy contains factor loadings on

yield factors, Γxx contains factor loadings on the macro factors, and Γx summarizes the marginal effect of

macro factors on yield factors. Additionally, ey,t+h and ex,t are idiosyncratic stochastic disturbance terms.

In their paper, Coroneo, Giannone and Modungo (2016) use a so-called expectation conditional restricted

maximization algorithm for model estimation, and measure the effect of “unspanned” macroeconomic

variables (risks) on the yield curve. We use principal component analysis (PCA) for estimating our

macro diffusion indexes (i.e., macro factors), following Stock and Watson (2002a,b), and consider various

alternative models that utilize macro diffusion indexes. For instance, we examine whether adding macro

diffusion indexes to our DNS and NSS models improves the predictive accuracy of these models. Of

course, we also consider baseline DNS (or NSS) models that contain only yield factors. More concretely,
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h−step ahead predictions for yield factors are constructed using the following model:

F̂ fy,t+h = ĉy + Γ̂′yF̂y,t, (3.1)

where F̂y,t is our estimated DNS (or NSS) latent factor (i.e. F̂y,t are our betas in the above discussion),

F̂ fy,t+h is our prediction constructed by specifying simple AR(1) or VAR(1) models, ĉy is an estimate

of cy, and Γ̂y is an estimate of Γy. We additionally add the first rx principle components from a PCA

analysis of our real-time dataset, denoted as F̂x,t, to the above prediction model, yielding:

F̂ fy,t+h = ĉy + Γ̂′yF̂y,t + Γ̂′xF̂x,t (3.2)

where Γ̂x is an estimate of Γx. When predicting yields, in addition to utilizing DNS and NSS models,

we also examine whether adding macro diffusion indexes to benchmark AR and VAR models improves

predictive accuracy. In particular, we consider the following model:yt+h
xt

 =

 c

cx

 +

∆y ∆x

0 Γxx

 yt

Fx,t

 +

et+h
ex,t

 ,

where c is the vector containing constant terms, all coefficient matrices (i.e., ∆y, ∆x, and Γxx) are a

conformably defined coefficient matrices, ∆x summarizes the marginal effect of macro diffusion indexes

on yields, and et+h is an idiosyncratic stochastic disturbance term. Summarizing, our focus of interest is

on h-step ahead yield predictions constructed using the following model:

ŷt+h(τ) = ĉ(τ) + δ̂′yyt, (3.3)

where ĉ(τ) is an estimate of c(τ), which is an element of c. Also, δ̂y is an estimate of δy, which is a

row vector of ∆y. yt contains lags of yt+1(τ) in autoregressive specifications, and contains lags of yt+1

in vector autoregressive specifications. We additionally add the macro diffusion indexes discussed above,

F xt , to this model, yielding:

ŷt+h(τ) = ĉ(τ) + δ̂′yyt + δ̂′xF̂x,t, (3.4)

where δ̂x is an estimate of δx, which is a row vector of ∆x. For further discussion of diffusion indexes

in macroeconomic forecasting, see Banerjee, Marcellino and Marsten (2008) Boivin and Ng (2005), and

Kim and Swanson (2014).

4 Empirical Setup

4.1 Predictive Accuracy Testing

When comparing the predictive performance of the models detailed below, we report the mean square

forecast error (MSFE), defined as:

MSFEh(τ) =

P∑
t=1

(ŷt+h(τ)− yt+h(τ))2 (4.1)
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where ŷt+h(τ) is the h-step-ahead forecast of the Treasury bond yield, with maturity τ . P is the number of

ex ante predictions used in our analysis. Additionally, all model parameters are estimated with maximum

likelihood and PCA; and parameters are updated prior to the construction of each forecast using a

rolling window of 120 months of historical data. For an analysis of the use of rolling versus recursive

and alternative windowing techniques in the context of forecasting, see Clark and McCracken(2009) and

Hansen and Timmermann (2012) and Rossi and Inuoe (2012). Model MSFEs are compared using the

Diebold and Mariano (1995) predictive accuracy test. The null hypothesis of the DM test is: H0 :

E[L(ε
(1)
t+h)] − E[L(ε

(2)
t+h)] = 0, where the ε

(i)
t+h is the prediction error of model i, for i = 1, 2. In our

analysis, L(.) is a quadratic loss function. The DM test statistic is:

DMP (τ) = P−1
P∑
t=1

dt+h(τ)

σ̂d̄
(4.2)

where dt+h(τ) = [ε̂
(1)
t+h(τ)]2 − [ε̂

(2)
t+h(τ)]2, d̄ denotes the mean of dt+h(τ), σ̂d̄ is a heteroskedasticity and

autocorrelation consistent estimate of the standard deviation of d̄, and P denotes the number of ex ante

predictions used to construct the test statistic. If the DMP statistic has a negative value, Model 1 is pre-

ferred to Model 2. If the DMP statistic is significantly different from zero, the difference between Model

1 and Model 2 is statistically significant. In the sequel, we assume that the DMP test is asymptotically

N(0,1), although in cases where models being compared are nested, modified critical values tabulated by

McCracken (2000) should be used (see Corradi and Swanson (2006) for complete details). For an interest-

ing discussion of alternative approaches to assessing forecasting performance, see Rossi and Sekhposyan

(2011).

4.2 Models Used in Forecasting Experiments

A summary of the models used in our prediction experiments is given below.

Small Data Models

Autoregressive (AR) and Vector Autoregressive (VAR) Models:

Models in this section are summarized in Table 1, and include: AR(1), VAR(1), AR(SIC), and VAR(SIC).

We utilize a number of benchmark time series models, specified as follows:

yt+h(τ) = c(τ) + δ′yWt + εt+h, (4.3)

where τ denotes the maturity of a bond (bill) for which the scalar, yt+h(τ), measures the annual yield.

Additionally, Wt contains lags of yt(τ) in autoregressive specifications, and contains lags of yt(τ) and

additional explanatory variables in vector autoregressive specifications, with δy a conformably defined
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coefficient vector. c(τ) contains the constant term. 6 In AR and VAR specifications, up to 5 lags of yt(τ)

are included, with the number of lags selected using the Schwarz information criterion (SIC). In addition

to AR(SIC) and VAR(SIC) models, straw-man AR(1) and VAR(1) models are estimated. Additionally,

in our unrestricted VAR models, Wt includes five bond yields with maturities 3 months, 1 year, 3 years,

5 years, and 10 years.

Dynamic Nelson Siegel (DNS) Models:

Models in this section are summarized in Table 1, and include: DNS(1), DNS(2), DNS(3), DNS(4),

DNS(5), and DNS(6).

As discussed above, the DNS model introduced by Li and Diebold (2006) is a dynamic version of

the term structure based upon Nelson and Siegel (1987), where cross-sectional movements in the term

structure are summarized by the dynamics of three underlying latent factors (betas) interpreted as “level”,

“slope”, and “curvature” factors. We refer to the three betas as “Nelson-Siegel factors” (NS-factors),

and in our prediction experiments, both AR(1) and VAR(1) type models are specified in order to predict

these factors for subsequent use in the prediction of yt+h(τ).

We estimate the latent factors by fitting the following regression:

yt(τ) = β1,t + β2,t · [
1− exp(−λtτ)

λtτ
] + β3,t · [

1− exp(−λtτ)

λtτ
− exp(−λtτ)] + εt, (4.4)

which is discussed in Section 2.1. Again as discussed above, we utilize yield cross sections that include

10, 12, and 30 different yield maturities. Predictions of yt+h are constructed using the model:

ŷt+h(τ) = β̂f1,t+h + β̂f2,t+h · [
1− exp(−λtτ)

λtτ
] + β̂f3,t+h · [

1− exp(−λtτ)

λtτ
− exp(−λtτ)], (4.5)

where yt+h(τ) is a scalar, and β̂f1,t+h, β̂f2,t+h, and β̂f3,t+h are predictions constructed by specifying simple

AR(1) models for β̂1,t, β̂2,t, and β̂3,t, including:

β̂fi,t+h = ĉi + γ̂y,iβ̂i,t, for i = 1, 2, 3, (4.6)

where β̂fi,t+h, β̂i,t, ĉi and γ̂i are scalars. Note that ĉi is an element of ĉy in equation (3.1). Also, γ̂y,i is an

element of Γ̂y as defined in equation (3.1). We also construct predictions by using the following VAR(1)

model:

β̂
f

t+h = ĉy + Γ̂yβ̂t, (4.7)

where β̂
f

t+h = (β̂f1,t+h, β̂f2,t+h, β̂f3,t+h)′, ĉ is a 3× 1 vector, and Γ̂y = (γ̂1, γ̂2, γ̂3), with γ̂j a 3× 1 vector,

for j = 1, 2, 3. In our experiments, the decay parameter is estimated both statically and dynamically

6When specifying VAR models, equation (4.3) constitutes only one (τ -maturity) equation in the VAR. As the same set

of explanatory variables is utilized in each equation in the VAR, the SUR (seemingly unrelated regression) result ensures

that consistent and efficient parameter estimates can be obtained via application of equation by equation least squares.
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(prior to the construction of each new prediction). For prediction models with a static rate of decay (i.e.,

models DNS(1) and DNS(4) in Table 1), λt is set equal to 0.0609, as in Diebold and Li (2006). DNS(2),

DNS(3), DNS(5), and DNS(6)) utilize a dynamically estimated decay parameter, which is estimated as

follows. First, a grid search for the decay parameter ( 1
λt

) is carried out on the domain of (6.69, 33.46),

which corresponds to the domain of a “curvature hump” of one to five years. The range for the grid

search is selected on the basis of bond maturities.7 Next, NS-factors are calculated with the selected

rate of decay for the “curvature” factor that minimizes squared in-sample fitted errors. Finally, either an

AR(1) or VAR(1) models are estimated in order to generate forecasts of the NS-factors, as discussed above.

Dynamic Nelson-Siegel-Svensson (NSS) Models:

Models in this section are summarized in Table 1, and include: NSS(1), NSS(2), NSS(3), NSS(4), NSS(5),

and NSS(6).

The dynamic Nelson-Siegel-Svensson (NSS) model is included in our prediction experiments because

it is one of the most widely used in zero-coupon yield curve construction by major central banks (see

BIS (2005)). As discussed above, in the model, Svensson (1994) adds an additional factor to the classic

3-factor Nelson-Siegel model that captures a second “curvature hump”. In our experiments, the four

latent factors are referred to as “Nelson-Siegel-Svensson factors” (NSS-factors). Although Svensson did

not consider a dynamic version of his model in his original paper, we do so, following the approach of

Diebold and Li (2006). The framework of our prediction experiments using the NSS model is, thus,

analogous to that discussed above in the case of DNS model. In particular, estimates of the NSS-factors

(i.e. β1,t, β2,t, β3,t, and β4,t) are constructed at each point in time by regressing (1,
1−exp(−λ1,tτ)

λ1,tτ
,

1−exp(−λ1,tτ)
λ1,tτ

− exp(−λ1,tτ),
1−exp(−λ2,tτ)

λ2,tτ
− exp(−λ2,tτ)) on yt(τ). Additionally, the model is now:

yt(τ) = β1,t + β2,t · [
1− exp(−λ1,tτ)

λ1,tτ
] + β3,t · [

1− exp(−λ1,tτ)

λ1,tτ
− exp(−λ1,tτ)]

+ β4,t · [
1− exp(−λ2,tτ)

λ2,tτ
− exp(−λ2,tτ)] + εt,

(4.8)

Resultant sequences of estimates, β̂1,t, β̂2,t, β̂3,t, and β̂4,t, for t = 1, ..., T are used to construct predictions

of yt+h(τ) using:

ŷt+h(τ) = β̂f1,t+h + β̂f2,t+h · [
1− exp(−λ1,tτ)

λ1,tτ
] + β̂f3,t+h · [

1− exp(−λ1,tτ)

λ1,tτ
− exp(−λ1,tτ)]

+ β̂f4,t+h · [
1− exp(−λ2,tτ)

λ2,tτ
− exp(−λ2,tτ)]

(4.9)

7We find that setting domains too wide results in occasional ‘extreme’ estimates for NS-factors, which in turn leads to

occasional poor yield forecasts. For further discussion, see below. For an extensive discussion of decay parameter estimation,

refer to De Pooter (2007).
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where yt+h(τ) is a scalar, and β̂f1,t+h, β̂f2,t+h, β̂f3,t+h, and β̂f4,t+h are predictions constructed by specifying

simple AR models:

β̂fi,t+h = ĉi + γ̂y,iβ̂i,t, for i = 1, 2, 3, 4 (4.10)

where β̂fi,t+h, β̂i,t, ĉi, and γ̂y,i are scalars. We also construct NSS-factor predictions by using the following

VAR(1) model:

β̂
f

t+h = ĉy + Γ̂yβ̂t, (4.11)

where β̂
f

t+h = (β̂f1,t+h, β̂
f
2,t+h, β̂

f
3,t+h, β̂

f
4,t+h)′, hatcy is 4× 1 vector, and Γ̂y is a 4× 4 matrix of constants.

To estimate NSS model parameters, again, two estimation methods for the decay parameters are uti-

lized. In the case of a fixed (static) decay parameter, λ1,t is equal to 0.0609, which is the same value as

that used when estimating our three-factor DNS model; and the second rate of decay, λ2,t, is set equal to

0.2985, corresponding to a second curvature hump at approximately 6 months.8 The subsequent forecast-

ing procedure used to construct yield predictions is the same as that discussed above for our DNS models.

Big Data Models

AR and VAR Models with Macro Diffusion Indexes:

Models in this section are summarized in Table 1, and include: AR(1)+FB1, AR(1)+FB2, AR(1)+FB3,

VAR(1)+FB1, VAR(1)+FB2, and VAR(1)+FB3.

We utilize the prediction model given in equation (4.3), but with latent factors (i.e., diffusion indexes),

F xt , estimated using PCA with a real-time macroeconomic dataset (see Section 3 for a discussion of

diffusion indexes and Section 5 for a discussion of the data used in our analysis). In particular, we

estimate variants of the following factor augmented forecasting model:

yt+h(τ) = c(τ) + δ′yWt + δ′xF
x
t + εt+h, (4.12)

where F xt includes either 1, 2 or 3 diffusion indexes, and Wt is defined as above, yielding AR and VAR

variants of these models. Here, c(τ) is a constant term, and δy and δx are conformably defined vectors of

coefficients, as discussed in Section 3. Note that although multiple yield lags were tried when specifying

Wt, ‘MSFE-best’ models always included only the first lag of the yield(s). For this reason all empirical

results discussed in the sequel use one lag.

8Restrictions on the decay parameters for the NSS model are imposed to ensure that the two curvature humps are at least

one year apart, for identification purposes. In addition to this restriction that 1
λ1,t

≥ 1
λ2,t

+ 6.69 (see De Pooter (2007)),

restrictions are imposed on the domain of the two decay parameters. Namely, the grid search for the first decay parameter

1
λ1,t

is over the domain of (6.69, 33.46); and for the second decay parameter 1
λ2,t

is on (0, 26.77). These restrictions ensure

identification of two curvature factors individually, and avoids ‘extreme’ estimates for NSS-factors.
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As discussed above, the real-time diffusion indexes appearing in the above equation (as well as sub-

sequently) are constructed using both un-targeted and targeted PCA. Un-targeted PCA is carried out

by simply estimating indexes with the entire real-time dataset that is available at each point in time,

prior to the construction of each new prediction. Targeted PCA is the same, except that a new subset

of variables from the real-time dataset is used at each point in time to construct the indexes, with the

subset selected using either the elastic net or the lasso. This method is computationally intensive, as

these shrinkage operators must be applied at each point in time, and for each targeted interest rate

being predicted. Ten-fold cross validation is used, in real-time, to estimate the tuning parameter in the

operators.9 For a complete description of these operators and targeted prediction in general, refer to

Bai and Ng (2007,2008), Carrasco and Rossi (2016), Ghysels and Marcellino (2018), Kim and Swanson

(2014), and Schumacher (2007,2009).

DNS Models with Macro Diffusion Indexes:

Models in this section are summarized in Table 1, and include: DNS(1)+FB1, DNS(2)+FB1, DNS(3)+FB1,

DNS(4)+FB1, DNS(5)+FB1, DNS(6)+FB1, DNS(1)+FB2, DNS(2)+FB2, DNS(3)+FB2, DNS(4)+FB2,

DNS(5)+FB2, DNS(6)+FB2, DNS(1)+FB3, DNS(2)+FB3, DNS(3)+FB3, DNS(4)+FB3, DNS(5)+FB3,

DNS(6)+FB3.10

In this section, diffusion indexes (principle components) constructed using macro variables are aug-

mented to DNS models discussed above. Namely, we considered DNS type predictions constructed using:

β̂fi,t+h = ĉi + γ̂′y,iβ̂i,t + γ̂′x,iF
x
t , for i = 1, 2, 3,

where F xt again includes either 1, 2 or 3 latent factor(s). All other terms are conformably defined. We

also construct predictions by using the following VAR(1) variant of this model:

β̂
f

t+h = ĉy + Γ̂yβ̂t + Γ̂xF
x
t ,

where β̂
f

t+h = (β̂f1,t+h, β̂
f
2,t+h, β̂

f
3,t+h)′), ĉy is 3 × 1 vector, Γ̂y = (γ̂1, γ̂2, γ̂3), with γ̂j a 3 × 1 vector, for

j = 1, 2, 3, and Γ̂x is a conformably defined matrix of constants.

NSS Models with Macro Diffusion Indexes:

Models in this section are summarized in Table 1, and include: NSS(1)+FB1, NSS(2)+FB1, NSS(3)+FB1,

NSS(4)+FB1, NSS(5)+FB1, NSS(6)+FB1, NSS(1)+FB2, NSS(2)+FB2, NSS(3)+FB2, NSS(4)+FB2,

9For the elastic net, there are two tuning parameters (rather than 1, as is the case with the lasso). These parameters

control the weights placed on the L1- and L2-norm components of the loss function. While the first tuning parameter is

estimated with cross validation, as mentioned above, the second parameter is fixed at various values, including 0.2, 0.4, 0.6,

and 0.8.
10FB1, FB2, and FB3 denote models that have been augmented to include either 1, 2, or 3 diffusion indexes, respectively.
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NSS(5)+FB2, NSS(6)+FB2, NSS(1)+FB3, NSS(2)+FB3, NSS(3)+FB3, NSS(4)+FB3, NSS(5)+FB3,

NSS(6)+FB3.

Analogous to our DNS models, NSS model predictions constructed using:

β̂fi,t+h = ĉi + γ̂′y,iβ̂i,t + γ̂′x,iF
x
t , for i = 1, 2, 3, 4

where F xt includes either 1, 2 or 3 latent factors. All other terms are conformably defined and analogous

to our above discussion. We also construct predictions using the following VAR(1) variant of this model:

β̂
f

t+h = ĉy + Γ̂yβ̂t + Γ̂xF
x
t ,

where β̂
f

t+h = (β̂f1,t+h, β̂
f
2,t+h, β̂

f
3,t+h, β̂

f
4,t+h)′, ĉ is 4 × 1 vector, and Γ̂y = (γ̂1, γ̂2, γ̂3, γ̂4), γ̂j is a 4 × 1

vector, for j = 1, 2, 3, 4 and Γ̂x is a conformably defined matrix of constants.

As a final note, it is worth mentioning that all macroeconomic variables are standardized to zero mean

and unit variance series before principle component analysis is utilized to construct diffusion indexes.

Forecast Combination:

In our experiments, we also construct and analyze various forecast combination models. The particular

combinations are detailed in Table 8. Although the focus of this paper is not forecast combination, there

are two reasons why we include combinations in our analysis. First, it is well known that forecast

combination is useful in time series prediction. As shown in Kim and Swanson (2014), Carrasco and

Rossi (2016), and Hirano and Wright (2017), much can be gained by combining forecasts from models

estimated using a wide range of methods ranging from least squares estimation to machine learning.11

More importantly, it turns out that while combination does not play an important role when comparing

DNS and NSS type models with and without diffusion indexes if fully revised data are used in model and

prediction construction, as discussed in Xiong and Swanson (2017), the same is not true when real-time

data are used in our data rich environment. Indeed, we shall see that various forecast combinations

dominate all of the models discussed above, when real-time data are utilized. This is important because

it suggests that the use of fully revised data may be quite misleading in the types of experiments carried

out in this paper.

Finally, note that in all experiments, models are estimated using rolling windows of 120 monthly

observations, as discussed above. Thus, all models are re-estimated prior to the construction of each new

h-step ahead forecast. Additionally, the first observation in our dataset is August 1988, and experiments

are carried out for 4 different prediction periods, as discussed in the next section.

11For a discussion of forecast combination using the types of factor augmented regressions discussed in this paper, see

Cheng and Hansen (2015).

14



5 Data

Yield Data:

Our term structure data are monthly U.S. zero-coupon (end of month) yield curve data reported by

the Federal Reserve Board (see https://www.quandl.com/data/FED/SVENY-US-Treasury-Zero-Coupon-

Yield-Curve and Gürkaynak, Sack and Wright (GSW: 2006)). In particular, we utilize GSW monthly

data for the August 1988 through October 2017, which contains data on 1 to 30 years maturity bond

yields. In addition to GSW zero-yields, 3- and 6-months T-bill yields12 are utilized in order to “fill-out”

the short end of the yield curve. Hence, we analyze a panel of dataset containing N = 32 dimensional

yields and T = 351 monthly observations. When constructing betas, we consider three variants of this

data. In one variant, we utilize 12 yields (i.e., 3- and 6-months, 1 year, 2 year, ..., and 10 year yields); in a

second variant, we utilize 10 yields, as done in Xiong and Swanson (2017) (i.e., 1 year, 2 year, ..., and 10

year yields); and in a third variant we utilize 30 yields (i.e., 1 year, 2 year, ..., and 30 year yields). Plots

of the 12-dimensional yield dataset, which is used in the majority of our MSFE-best models when utilized

for constructing DNS and NSS factors, are contained in Figures 2-4. In Figure 2, these yield data are

plotted against real-time diffusion indexes constructed using un-targeted PCA. Of note is that the indexes

increase markedly in volatility around the Great Recession, and exhibit the lowest historical volatility

levels thereafter. Figure 3 and 4 plot the same yield data against DNS and NSS factors, constructed

using the 12-dimensional yield dataset. While the first (key) factor constructed using the DNS and NSS

models are quite similar (compare Figure 3 and Figure 4), the other factors are evidently quite different.

These differences might account in large part for the relative forecasting performance differences between

the two models.

While Dickey-Fuller tests cannot reject the null hypothesis of a unit root in yields, preliminary fore-

cast experiments using both yields and first-difference yields resulted in little differences when comparing

MSFEs of yield predictions. Moreover, finance theory is not consistent with the presence of a unit root

in yield processes. For these reasons, we use only yield “levels” data in our experiments.

Macroeconomics Variables:

As discussed above, macroeconomic factors (i.e., real-time diffusion indexes) are constructed using

PCA. The dataset used is the FRED-MD dataset, which is a real-time monthly database of over 130

macroeconomic time series that covers categories ranging from output and income, to labor market,

123- and 6-months T-bill yields are constant-maturity, as reported in the FRED database of the Federal Reserve Bank of

St. Louis. This “hybrid” zero-yield dataset is widely utilized in yield curve estimation, see Gürkaynak and Wright (2012),

Hamilton and Wu (2012).

15



prices, and interest rates. The FRED-MD dataset is developed and maintained by the Federal Re-

serve Bank of St. Louis. For details, see McCracken and Ng (2016), and for access to the dataset,

visit https://research.stlouisfed.org/econ/mccracken/fred-databases/. In their paper, McCracken and Ng

(2016) conduct an empirical research which shows that diffusion indexes extracted from the dataset share

the same predictive content as those based on the classic (non-real-time) Stock and Watson (2002a)

dataset used so frequently in analyses such as ours. As discussed above, one advantage of FRED-MD is

that all time series are updated monthly by the Federal Reserve Bank of St. Louis. Thus, researchers have

truly real-time data available for conducting forecasting experiments, in which all vintages (revisions) of

all variables are available. Use of such data ensures that future information cannot inadvertently be used

to revise data from prior periods, which is a serious potential problem with non-real-time or fully revised

data. Refer to Stark (2010) for further discussion of real-time datasets. Moreover, fully revised datasets

“mix” vintages of observations, in the sense that the most recent observation in a fully revised dataset

is a so-called “first release”, while earlier calendar dated observations have possibly been revised and

re-released many times. Interestingly, we find that real-time data does matter, as findings from Xiong

and Swanson (2017) supporting the use of macro diffusion indexes in DNS type models are reversed when

real-time instead of fully revised data are used in index construction. Finally, note that only the use of

real-time datasets makes it possible to replicate truly real-time modeling and forecasting of U.S. Treasury

yields, when using macroeconomic data that are subject to revision. In order to illustrate the breadth

of information contained in the FRED-MD, Figure one plots all 130 macroeconomic series against the

1-year Treasury yield. It is interesting to note that periods of increased volatility in the yield appear to

coincide roughly with an increase in the spread and volatility of the extreme values associated with the

aggregate FRED-MD dataset.

6 Empirical Findings

Our empirical investigation utilizes the models and methods discussed in Section 4. Our objective is to

predict U.S. Treasury yields at various maturities. Predictions are made using “small data” models (i.e.

models which only use historical yield cross sections for calibrating models), as well as “big data” models

that include real-time diffusion indexes constructed from the real-time FRED-MD dataset discussed in

Section 5. Our small data models include autoregressive, vector autoregressive, DNS and NSS models,

and our big data models are specified as pure diffusion index models or as hybrids that combine our small

data models with diffusion indexes. Finally, diffusion indexes are constructed using targeted (machine

learning based) PCA as well as un-targeted PCA, as discussed in Section 4.

A number of clear-cut conclusions emerge upon examination of the results collected in Tables 1-4.

Let us first discuss the results summarized in Tables 2A-C. These tables include: (i) the three“MSFE-

best” (i.e., lowest MSFE model) models for each yield maturity/forecast horizon permutation, in de-
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scending order from 1st to 3rd (see Table 2A); (ii) MSFE for the three models listed in Table 2A (see

Table 2B); and relative MSFEs (relative to the RW benchmark) for the 3 models (see Table 2C).13 All of

these tables report results for DNS and NSS type models with betas constructed either using our 10, 12-,

or 30-dimensional historical yield dataset, as denoted by subscripts 1, 2, and 3, respectively, in Table 2A.

Finally, results are presented for 3 forecast horizons (h = 1, 3, 12), for 6 yield maturities (3- and 6-month,

1 year, 3 years, 5 years, and 10 years), and for 4 different forecasting periods, including: 2001:1-2005:12

(Subsample 1), 2006:1-2010:12 (Subsample 2), 2011:1-2017:10 (Subsample 3), and 2001:1-2017:10 (Sub-

sample 4). Illustrating the layout of the tables, we see in Table 2A that for 3-month maturity yields,

at the 1-step ahead forecast horizon, model NSS(4)+FB1 yields the lowest MSFE, for Subsample 1.

This means that real-time diffusion indexes constructed FRED-MD add marginal predictive content to

the NSS model, and this combination is the MSFE-best combination. In this model, the subscript “2”

indicates that the 12-dimensional yield dataset produced NSS factors that results in the model “win”.

Additionally, notice that this model is superscripted with a “***”, indicating rejection of the Diebold-

Mariano null hypothesis of equal predictive accuracy, when compared with the RW benchmark, at the

1% level. For example, for the 1st subsample, at the h = 1-step ahead horizon, all MSFE models include

real-time diffusion indexes, except for the model that “wins” for 5-year maturity forecasts. In addition,

for 4 of 5 maturities, the 12-dimensional yield dataset is most useful for estimating NS factors, and the

10-dimensional dataset never yields the MSFE-best model. This is perhaps not surprising, as our 12- and

30-dimensional yield datasets augment the GW dataset by adding short-end yields (i.e., 3- and 6-month

yields), while the 10-dimensional dataset only includes annual yields, from 1- to 10-years in maturity.

Notice that many of the models that are in the top three MSFE-best in Tables 2A-C include diffusion

indexes (i.e., models with FB1, FB2, or FB3, in their names, corresponding to the addition of 1, 2, or 3

real-time diffusion indexes). Additionally, many models are of the DNS and NSS variety. This pattern is

quite prevalent across all forecast horizons and bond maturities, for our first two subsamples. The pattern

is less prevalent, during the third subsample, from 2011-2017. Still, we have rather strong evidence that

DNS and NSS models are useful, as previously found by many authors, and that the usefulness of all

models including DNS type models can often be improved by including real-time diffusion indexes. As

just stated, this result is not ubiquitous, however. For example, in the third subsample (post Great

Recession), diffusion indexes are only in one MSFE-best model, indicating a deterioration in predictive

gains associated with using diffusion indexes, post Great Recession. However, they are in the 2nd and

13Results relative to AR(1) and AR(SIC) benchmarks were also tabulated, but due to the poor performance of these

models, relative to the RW, in recent years, tabulated results are not as clear when these alternative numeraires are used

when reporting relative MSFEs. For discussion of the zero lower bound issue affecting predictions from term structure

models in this context, Hamilton and Wu (2012). In addition, note that all results reported in these tables have been

compiled for each of the models analyzed. However, the number of tables is overwhelming when including all models,

maturities and forecast horizons, and hence these results have been omitted for the sake of brevity Complete results are

available upon request from the authors.
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3rd “best” models, for numerous yield maturities and forecast horizons. Summarizing, the usefulness

of diffusion indexes appears to be somewhat sample dependent. This is not surprising, and suggests,

for example, a possible use for hybrid models in which the inclusion of diffusion indexes is triggered by

variables such as predicted probabilities of recessions, economic variability, or the range of yields over

some pre-defined prior period of time. Needless to say, one reason why this result arises is associated with

the zero-lower bound issue discussed earlier in this paper, and in many other recent papers. Evidently,

in the current low interest rate regime, the RW model is a difficult univariate model to “beat”. However,

it is interesting to note that even in such times, DNS and NSS models perform very well when compared

with the RW model, albeit without the need for real-time diffusion indexes. Thus, a key take-away from

Table 2A (compare also Tables 2B-C) is that real-time diffusion indexes are not as useful in the current

low-interest rate environment as they were in the pre-Great recession environment.

As stated above, inspection of Tables 2A-C indicates that DNS or NSS type models are often the

MSFE-best models. In Table 2A DNS or NSS type models are MSFE-best in 13 of 15 maturity/horizon

permutations for Subsample 1, and are top three MSFE performers in 37 of 45 maturity/horizon permu-

tations, when counting all 1st, 2nd, and 3rd place “winners”. In Subsample 2, results are similar, where

analogous “wins” are 11 of 15 and 36 of 45. Finally, in Subsample 3, DNS or NSS type models “win” in

only 3 of 15 cases and 22 of 45 cases, respectively. These findings are consistent with findings in the recent

literature suggesting that DNS type model performance has deteriorated in recent post credit crisis years

(see, e.g. Altavilla, Giacomini and Ragusa (2017), Diebold, and Rudebusch (2013), and Mönch (2008)).

Turning to our analysis of forecast combinations, note that Table 3 lists the combination models that

were examined in our analysis.14 Relative MSFEs for all combinations are given in Table 4A (h = 1-step

ahead forecasts), Table 4B (h = 3-step ahead forecasts), and Table 4C (h = 12-step ahead forecasts).

Results in these tables are quite interesting. For instance, models with real-time diffusion indexes (e.g.,

FB1, FB2, and FB3) often significantly outperform the RW benchmark, for all five maturities and all

three forecast horizons in Subsamples 1, 2, and 4. However, results are mixed for Subsample 3 (2011:1-

2017:10), again indicating a deterioration in predictive gains associated with using diffusion indexes,

in low interest rate environments. Essentially, the mechanism that we find strong evidence of pre-

2010, which ties unspanned risks to the term-structure, seems to break down in extremely low interest

rate regimes. Another conclusion emerges when comparing NS(AR) and NS(VAR) forecast combination

models. As discussed previously, NS-factors and NSS-factors can be better predicted by modeling their

cross-correlation dynamics. This is borne out in the data. For example, in Subsample 1, 3, and 4,

forecasts generated by combination model NS(VAR) have lower point MSFEs than NS(AR) models in

43/45 cases, across all three forecast horizons, and across all five bond maturities.

A key result to emerge from our combination experiments is that the MSFE-best models are almost

14Various other forecast combinations were also analyzed, but yielded poorer predictive accuracy that that based on the

methods reported in here, and are not reported, for the sake of brevity.
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always “FS” type forecast combinations (compare the bolded entries in each column for each subsample

in Tables 4A-C). As noted in Table 3, FS forecast combination models utilize the average of all non-

diffusion index type models (i.e., AR(1), AR(SIC), VAR(1), VAR(SIC), DNS(1) - DNS(6), NSS(1) -

NSS(6)). Indeed, FS models “win” in 16 of 20 cases, for h = 1, across all five bond maturities and

all four subsamples (see Table 4A). The MSFE-best combination in 3 of the other 4 cases is an NSS

model. For h = 3, the FS combination model “wins” in 19 of 20 cases (see Table 4B); and for h = 12,

the FS combination model “wins” in 20 of 20 cases (see Table 4C). Furthermore, all of the “best” point

MSFEs in these tables are much lower than point MSFEs associated with the best individual models.

Thus, combination dominates under our real-time setup, and the best combinations do not utilize macro

diffusion indexes. This result differs markedly from that reported in Xiong and Swanson (2017), where

big data matters. However, Xiong and Swanson (2017) carry out experiments using a fully revised

macroeconomic dataset rather than a real-time macroeconomic dataset and do not consider shrinkage

methods. Two conclusions can thus be drawn from our combination experiments. First, fully revised

data may have an important confounding effect upon results obtained when instead carrying out real-

time prediction experiments. Second, real-time diffusion indexes do matter when comparing the predictive

performance of individual models, indicating the presence of unspanned risks. However, there appear to

be two different ways to “capture” these unspanned risks. One is to use data rich real-time diffusion

indexes, and another is to simply combine predictions from many non-data rich models.

7 Concluding Remarks

In this paper, we examine the usefulness of real-time macroeconomic diffusion indexes when using dy-

namic Nelson-Siegel (DNS), dynamic Nelson-Siegel Svensson (NSS), and various econometric models

for forecasting the term structure of interest rates. We find that the marginal predictive content of

real-time diffusion indexes is significant for many of the models that we examine. We also find that

model performance, across the board, is much worse post Great Recession. Indeed, not only does the

predictive performance of DNS and NSS models worsen, in accord with the findings of various recent

authors, but the performance of all of our models, including ones that utilize real-time diffusion indexes

also worsens. Two key conclusions that we make are the following. First, fully revised data may have

an important confounding effect upon results obtained when instead carrying out real-time prediction

experiments. Second, real-time diffusion indexes matter when comparing the predictive performance of

individual models, indicating the presence of unspanned macroeconomic risks in the term structure of

interest rates. However, there appear to be two different ways to “capture” these unspanned risks. One

is to use data rich real-time diffusion indexes, and another is to simply combine predictions from many

non-data rich models.

Given the impressive predictive performance of models that include real-time diffusion indexes prior
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to 2010, and in particular of DNS and NSS models augmented to include such indexes, we argue that

new models for low interest variability and zero lower-bound regimes need to be developed. Examples of

models that might be useful include hybrid models in which the inclusion of diffusion indexes is triggered

by variables such as predicted probabilities of recessions, economic variability, or the range of yields over

some pre-defined prior period of time.
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Table 1: Models Used in Forecast Experiments*

Model Description

RW Random walk model

AR(1) Autoregressive model with one lag

AR(SIC) Autoregressive model with lag(s) selected by the Schwarz information criterion

AR(1)+FB1 AR(1) model with diffusion index added, principle component analysis based on real-time macroeconomic dataset

AR(1)+FB2 AR(1) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

AR(1)+FB3 AR(1) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

VAR(1) Five-dimensional vector autoregressive model with one lag

VAR(SIC) Five-dimensional vector autoregressive model with lag(s) selected by the Schwarz information criterion

VAR(1)+FB1 VAR(1) model with one diffusion index added, principle component analysis based on real-time macroeconomic dataset

VAR(1)+FB2 VAR(1) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

VAR(1)+FB3 VAR(1) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

DNS(1) Dynamic Nelson-Siegel (DNS) model with underlying AR(1) factor specifications fitted with twelve-dimensional yields: maturity τ = 12, 24, 36, 48, 60, 72, 84, 96, 108, 120 months, with a static rate of decay parameter λ = 0.0609

DNS(2) Dynamic Nelson-Siegel (DNS) model with underlying AR(1) factor specifications fitted with twelve-dimensional yields, with a dynamic rate of decay parameter λt (most recent λt are selected in generating predictions)

DNS(3) Dynamic Nelson-Siegel (DNS) model with underlying AR(1) factor specifications fitted with twelve-dimensional yields, with a dynamic rate of decay parameter λt (median λt are selected in generating predictions)

DNS(4) Dynamic Nelson-Siegel (DNS) model with underlying VAR(1) factor specifications fitted with twelve-dimensional yields, with a static rate of decay parameter λ = 0.0609

DNS(5) Dynamic Nelson-Siegel (DNS) model with underlying VAR(1) factor specifications fitted with twelve-dimensional yields, with a dynamic rate of decay parameter λt (most recent λt are selected in generating predictions)

DNS(6) Dynamic Nelson-Siegel (DNS) model with underlying VAR(1) factor specifications fitted with twelve-dimensional yields, with a dynamic rate of decay parameter λt (median λt are selected in generating predictions)

DNS(1)+FB1 DNS(1) model with one diffusion index added, principle component analysis based on real-time macroeconomic dataset

DNS(2)+FB1 DNS(2) model with one diffusion index added, principle component analysis based on real-time macroeconomic dataset

DNS(3)+FB1 DNS(3) model with one diffusion index added, principle component analysis based on real-time macroeconomic dataset

DNS(4)+FB1 DNS(4) model with one diffusion index added, principle component analysis based on real-time macroeconomic dataset

DNS(5)+FB1 DNS(5) model with one diffusion index added, principle component analysis based on real-time macroeconomic dataset

DNS(6)+FB1 DNS(6) model with one diffusion index added, principle component analysis based on real-time macroeconomic dataset

DNS(1)+FB2 DNS(1) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

DNS(2)+FB2 DNS(2) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

DNS(3)+FB2 DNS(3) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

DNS(4)+FB2 DNS(4) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

DNS(5)+FB2 DNS(5) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

DNS(6)+FB2 DNS(6) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

DNS(1)+FB3 DNS(1) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

DNS(2)+FB3 DNS(2) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

DNS(3)+FB3 DNS(3) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

DNS(4)+FB3 DNS(4) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

DNS(5)+FB3 DNS(5) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

DNS(6)+FB3 DNS(6) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

NSS(1) Dynamic Nelson-Siegel-Svensson (NSS) model with underlying AR(1) factor specifications fitted with twelve-dimensional yields, with a static rate of decay parameter λ = [0.0609, 0.2985]

NSS(2) Dynamic Nelson-Siegel-Svensson (NSS) model with underlying AR(1) factor specifications fitted with twelve-dimensional yields, with a dynamic rate of decay parameter λt (most recent λt are selected in generating predictions)

NSS(3) Dynamic Nelson-Siegel-Svensson (NSS) model with underlying AR(1) factor specifications fitted with twelve-dimensional yields, with a dynamic rate of decay parameter λt (median λt are selected in generating predictions)

NSS(4) Dynamic Nelson-Siegel-Svensson (NSS) model with underlying VAR(1) factor specifications fitted with twelve-dimensional yields, with a static rate of decay parameter λ = 0.0609

NSS(5) Dynamic Nelson-Siegel-Svensson (NSS) model with underlying VAR(1) factor specifications fitted with twelve-dimensional yields, with a dynamic rate of decay parameter λt (most recent λt are selected in generating predictions)

NSS(6) Dynamic Nelson-Siegel-Svensson (NSS) model with underlying VAR(1) factor specifications fitted with twelve-dimensional yields, with a dynamic rate of decay parameter λt (median λt are selected in generating predictions)

NSS(1)+FB1 NSS(1) model with one principle component added, principle component analysis based on real-time macroeconomic dataset

NSS(2)+FB1 NSS(2) model with one principle component added, principle component analysis based on real-time macroeconomic dataset

NSS(3)+FB1 NSS(3) model with one principle component added, principle component analysis based on real-time macroeconomic dataset

NSS(4)+FB1 NSS(4) model with one principle component added, principle component analysis based on real-time macroeconomic dataset

NSS(5)+FB1 NSS(5) model with one principle component added, principle component analysis based on real-time macroeconomic dataset

NSS(6)+FB1 NSS(6) model with one principle component added, principle component analysis based on real-time macroeconomic dataset

NSS(1)+FB2 NSS(1) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

NSS(2)+FB2 NSS(2) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

NSS(3)+FB2 NSS(3) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

NSS(4)+FB2 NSS(4) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

NSS(5)+FB2 NSS(5) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

NSS(6)+FB2 NSS(6) model with two diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

NSS(1)+FB3 NSS(1) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

NSS(2)+FB3 NSS(2) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

NSS(3)+FB3 NSS(3) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

NSS(4)+FB3 NSS(4) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

NSS(5)+FB3 NSS(5) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

NSS(6)+FB3 NSS(6) model with three diffusion indexes added, principle component analysis based on real-time macroeconomic dataset

* Notes: Entries in this table describe the models utilized in the forecasting experiments for which results are summarized in

subsequent tables. For models with real-time diffusion indexes, 5 additional variants of each model are analyzed. In these models,

a subset of variables from the real-time dataset is used when constructing diffusion indexes, with the subset selected using either

the elastic net (EN) or the LASSO. Ten-fold cross validation is used, in real-time, to estimate the first tuning parameter in the

operators. For the elastic net, there are two tuning parameters (rather than 1, as is the case with the lasso), and the second

parameter is fixed at various values, including 0.2, 0.4, 0.6, and 0.8. Model mnemonics are correspondingly denoted as LASSO,

EN02, EN04, EN06, and EN08. For complete details, refer to Section 4.
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Table 2A: Top 3 MSFE-Best Models∗

Horizon

Maturity 3 Months 1 Year 3 Years 5 Years 10 Years

NSS(4)+FB12
*** DNS(4)+FB1(EN04)3 DNS(1)+FB2(LASSO)2NSS(5)2 NSS(5)+FB1(EN02)2

1 Step NSS(4)+FB32
*** AR(1)+FB2 RW RW NSS(2)+FB3(EN02)2

NSS(4)+FB22
*** AR(1)+FB3 DNS(1)+FB12 NSS(5)+FB1(EN06)2 NSS(2)+FB2(EN02)2

VAR(1)+FB1*** AR(1)+FB1* NSS(3)+FB11
** NSS(3)+FB11 NSS(2)+FB1(EN04)2

*

2001:Jan - 2005:Dec 3 Step VAR(1)+FB2*** NSS(4)1 NSS(2)+FB11 NSS(3)+FB1(LASSO)1 NSS(3)+FB1(EN04)1
**

1st Subsample VAR(1)*** DNS(2)+FB11 NSS(3)+FB1(EN02)1 NSS(3)+FB1(EN08)1 DNS(2)+FB1(EN04)1

DNS(3)+FB12
*** DNS(3)+FB12

*** DNS(3)+FB13
*** DNS(3)+FB13

** DNS(3)3
**

12 Step DNS(2)+FB12
*** NSS(2)+FB11

* DNS(6)+FB12
*** NSS(6)2

*** NSS(6)2
***

DNS(2)+FB11
*** DNS(2)+FB12

** NSS(2)+FB12
** NSS(6)+FB12

*** NSS(6)+FB12
***

NSS(3)2 DNS(1)2
** VAR(1)+FB3(EN02) VAR(1) NSS(1)3

1 Step NSS(2)2 DNS(5)2
* VAR(1) VAR(1)+FB2 DNS(1)3

DNS(5)+FB1(EN08)2 NSS(1)2
* VAR(SIC) VAR(1)+FB2(LASSO) DNS(2)3

NSS(6)2
* NSS(1)+FB1(LASSO)2 RW DNS(6)1 DNS(3)1

**

2006:Jan - 2010:Dec 3 Step NSS(3)2 DNS(5)+FB12
** NSS(4)1 DNS(6)+FB11 DNS(6)1

2nd Subsample NSS(6)+FB12 DNS(4)+FB12
* DNS(6)1 NSS(3)2 NSS(4)+FB13

VAR(1)+FB1*** NSS(2)+FB12
** NSS(1)+FB11

* NSS(1)+FB11
* DNS(6)1

**

12 Step DNS(1)+FB11
*** DNS(1)+FB11

** DNS(1)+FB11
* DNS(6)1 DNS(6)+FB11

*

DNS(3)+FB13
** NSS(3)+FB12

* NSS(3)+FB12 AR(1)+FB1 DNS(6)+FB21

RW RW RW RW RW

1 Step AR(SIC) AR(1) AR(1) AR(1) NSS(1)+FB2(EN02)3

AR(1) AR(1)+FB1 AR(1)+FB2(EN04) AR(SIC) NSS(1)+FB2(EN06)3

RW RW RW RW RW

2011:Jan - 2017:Oct 3 Step DNS(5)2 DNS(5)1 AR(1) AR(1) DNS(5)3

3rd Subsample NSS(4)2 DNS(5)+FB21 DNS(4)2 AR(SIC) DNS(1)+FB2(EN06)2

DNS(5)2
*** DNS(5)1

*** RW RW NSS(6)+FB1(EN04)2
***

12 Step DNS(6)2
*** DNS(5)+FB11

** DNS(4)1 NSS(6)1 NSS(6)+FB1(EN02)2
***

DNS(5)+FB12
*** DNS(5)+FB21

* DNS(4)+FB11 NSS(4)+FB31 NSS(6)+FB1(EN06)2
***

VAR(1)+FB3(EN02) AR(SIC) RW RW RW

1 Step VAR(1)+FB1(EN02) DNS(5)+FB12 AR(1) AR(1) DNS(1)1

VAR(1)+FB2 AR(1)+FB1 AR(1)+FB2(LASSO) AR(1)+FB1 NSS(1)2

DNS(5)+FB12
*** DNS(5)+FB12

** RW RW DNS(5)3

2001:Jan - 2017:Oct 3 Step DNS(6)+FB12
*** DNS(5)+FB22

** NSS(4)1 NSS(4)1 RW

Whole Sample DNS(5)+FB22
*** DNS(5)+FB32

* DNS(4)+FB11 NSS(5)2 DNS(5)+FB13

DNS(6)2
*** DNS(6)2

*** NSS(4)1 DNS(6)1 NSS(6)2
**

12 Step DNS(6)+FB12
*** DNS(6)+FB12

*** DNS(6)1 DNS(6)+FB11 DNS(6)1
***

DNS(6)+FB22
*** DNS(6)+FB22

*** RW RW NSS(6)+FB12
**

* Notes: Entries in this table are the top three performing forecast models (based on MSFE), in descending order (from 1st to

3rd place), for various subsamples, horizons, and yield maturities. For a description of the model mnemonics, refer to Table 1.

Entries with subscripts 1,2, and 3 differentiate between DNS and NSS type models that are alternatively estimated using 10-, 12-,

or 30-dimensional historical yield datasets, respectively. Entries with LASSO, EN02, EN04, EN06, and EN08 denote cases where

targeted variables from the real-time dataset are used in construction of real-time diffusion indexes. Entries superscripted with

*, **, or *** denote rejection of the DM predictive accuracy null hypothesis, in favor of the alternative that the listed model has

significantly lower MSFE than the random walk benchmark, at a 10%, 5%, and 1% significance level, respectively. See Section 4

for a discussion of the tuning parameters used in these shrinkage operators, as well as for a discussion of the prediction models

reported on.
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Table 2B: Point MSFEs of Top 3 MSFE-Best Models∗

Horizon

Maturity 3 Months 1 Year 3 Years 5 Years 10 Years

0.029*** 0.057 0.108 0.110 0.082

1 Step 0.029*** 0.057 0.109 0.111 0.085

0.029*** 0.059 0.112 0.112 0.085

0.158*** 0.313* 0.258** 0.256 0.169*

2001:Jan - 2005:Dec 3 Step 0.164*** 0.324 0.337 0.276 0.171**

1st Subsample 0.165*** 0.329 0.337 0.282 0.174

2.067*** 2.338*** 1.375*** 0.869** 0.374**

12 Step 2.126*** 2.542* 1.515*** 0.918*** 0.381***

2.405*** 2.559** 1.520** 0.931*** 0.391***

0.082 0.052** 0.079 0.078 0.075

1 Step 0.086 0.053* 0.079 0.078 0.082

0.086 0.055* 0.079 0.079 0.087

0.316* 0.282 0.353 0.279 0.161**

2006:Jan - 2010:Dec 3 Step 0.316 0.284** 0.356 0.287 0.177

2nd Subsample 0.332 0.286* 0.356 0.288 0.179

1.899*** 1.580** 1.087* 0.752* 0.316**

12 Step 1.994*** 1.613** 1.130* 0.830 0.332*

2.149** 1.699* 1.220 0.832 0.334

0.003 0.005 0.019 0.035 0.047

1 Step 0.005 0.006 0.020 0.036 0.047

0.005 0.007 0.021 0.037 0.049

0.010 0.011 0.045 0.101 0.161

2011:Jan - 2017:Oct 3 Step 0.018 0.014 0.051 0.109 0.163

3rd Subsample 0.018 0.014 0.052 0.111 0.165

0.043*** 0.056*** 0.134 0.316 0.337***

12 Step 0.044*** 0.059** 0.140 0.317 0.338***

0.044*** 0.060* 0.140 0.324 0.340***

0.039 0.042 0.065 0.073 0.075

1 Step 0.041 0.042 0.069 0.076 0.075

0.041 0.042 0.070 0.079 0.076

0.182*** 0.190** 0.225 0.217 0.187

2001:Jan - 2017:Oct 3 Step 0.183*** 0.193** 0.235 0.234 0.189

Whole Sample 0.183*** 0.195* 0.238 0.241 0.190

1.723*** 1.462*** 0.993 0.713 0.428**

12 Step 1.731*** 1.469*** 1.009 0.724 0.439***

1.736*** 1.473*** 1.012 0.727 0.439**

* Notes: See notes to Table 2A. Entires are point MSFEs.
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Table 2C: Relative MSFEs of Top 3 MSFE-Best Models∗

Horizon

Maturity 3 Months 1 Year 3 Years 5 Years 10 Years

0.502*** 0.836 0.986 0.987 0.921

1 Step 0.504*** 0.839 1.000 1.000 0.952

0.505*** 0.857 1.024 1.007 0.952

0.442*** 0.884* 0.755** 0.861 0.843*

2001:Jan - 2005:Dec 3 Step 0.458*** 0.913 0.985 0.931 0.850**

1st Subsample 0.461*** 0.927 0.985 0.948 0.865

0.619*** 0.726*** 0.747*** 0.758** 0.718**

12 Step 0.637*** 0.790* 0.824*** 0.800*** 0.732***

0.720*** 0.795** 0.826** 0.812*** 0.751***

0.883 0.768** 0.925 0.890 0.752

1 Step 0.922 0.786* 0.929 0.898 0.822

0.926 0.808* 0.929 0.904 0.876

0.874* 0.815 1.000 0.942 0.743**

2006:Jan - 2010:Dec 3 Step 0.874 0.821** 1.008 0.969 0.820

2nd Subsample 0.918 0.828* 1.009 0.972 0.829

0.625*** 0.687** 0.784* 0.866* 0.832**

12 Step 0.656*** 0.702** 0.815* 0.955 0.873*

0.707** 0.739* 0.880 0.958 0.878

1.000 1.000 1.000 1.000 1.000

1 Step 1.486 1.413 1.061 1.045 1.012

1.520 1.481 1.097 1.076 1.055

1.000 1.000 1.000 1.000 1.000

2011:Jan - 2017:Oct 3 Step 1.748 1.216 1.124 1.089 1.011

3rd Subsample 1.772 1.240 1.141 1.108 1.021

0.676*** 0.835*** 1.000 1.000 0.565***

12 Step 0.688*** 0.873** 1.044 1.003 0.567***

0.691*** 0.889* 1.046 1.027 0.570***

0.855 0.984 1.000 1.000 1.000

1 Step 0.887 0.984 1.049 1.046 1.005

0.887 0.985 1.066 1.083 1.009

0.835*** 0.895** 1.000 1.000 0.989

2001:Jan - 2017:Oct 3 Step 0.841*** 0.907** 1.045 1.079 1.000

Whole Sample 0.842*** 0.919* 1.056 1.111 1.004

0.897*** 0.877*** 0.980 0.981 0.841**

12 Step 0.901*** 0.882*** 0.996 0.996 0.862***

0.904*** 0.884*** 1.000 1.000 0.862**

* Notes: See notes to Table 2A. Entries are relative MSFEs,in which the numeraire is the random walk benchmark model.
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Table 3: Forecast Combination Models*

Model Description

All Average of all two hundred and sixty nine forecast models

Econometrics Average of all forty one RW, AR and VAR type models

AR Average of all twenty AR type models

VAR Average of all twenty VAR type models

DNS Average of all one hundred and fourteen DNS type models

NSS Average of all one hundred and fourteen NSS type models

NS(ar) Average of one hundred and fourteen DNS and NSS type models with underlying AR(1) factor specifications

NS(var) Average of one hundred and fourteen DNS and NSS type models with underlying VAR(1) factor specifications

NS(ols) Average of seventy six DNS and NSS type models with fixed decay parameter(s), estimated with OLS

NS(nls) Average of one hundred and fifty two DNS and NSS type models with dynamic decay parameter(s), estimated with NLS

FB Average of two hundred and fifty two models that contain macro diffusion index(es), principle component analysis based on all macroeconomic variables

FB(pure) Average of thirty six models that contain diffusion indexes only, namely all “AR(1)+FB” and “VAR(1)+FB” models

FB(ols) Average of one hundred and eight models that contain macro diffusion index(es), estimated with OLS

FB(en) Average of one hundred and sixty eight models that contain macro diffusion index(es), principle component analysis based on targeted macroeconomic variables pre-selected by the elastic net

FB(lasso) Average of forty two models that contain macro diffusion index(es), principle component analysis based on targeted macroeconomic variables pre-selected by lasso

FS Average of all non-FB type models

* Notes: Entries in this table describe the forecast combination models utilized in the forecasting experiments for which results

are summarized in subsequent tables. Note that the 12-dimensional historical yield dataset is used in the construction of the betas

utilized in all NS type models. For further details, refer to Sections 4 and 6.
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Table 4A: 1-Step-Ahead Relative MSFEs of Forecast Combination Models*

Model rMSFE

Maturity 3 months 1 year 3 years 5 years 10 years

All 0.391*** 0.516*** 0.450*** 0.471*** 0.442***

Econometrics 0.599*** 0.872 1.067 1.121 1.134

AR 0.709*** 0.876* 1.068 1.112 1.076

VAR 0.543*** 0.902 1.107 1.176 1.240

DNS 0.268*** 0.414*** 0.392*** 0.450*** 0.373***

NSS 0.640* 0.593*** 0.403*** 0.369*** 0.365***

NS(ar) 0.608** 0.654** 0.411*** 0.397*** 0.353***

2001:Jan - 2005:Dec NS(var) 0.251*** 0.376*** 0.374*** 0.401*** 0.374***

1st Subsample NS(ols) 0.274*** 0.414*** 0.373*** 0.420*** 0.388***

NS(nls) 0.455** 0.539*** 0.395*** 0.390*** 0.373***

FB 0.489*** 0.641*** 0.553*** 0.581*** 0.542***

FB(pure) 0.591*** 0.871 1.072 1.132 1.147

FB(ols) 0.413*** 0.617*** 0.650*** 0.716*** 0.674***

FB(en) 0.970 1.232 1.099 1.134 1.033

FB(lasso) 0.910 1.435 1.062 1.197 1.141

FS 0.284*** 0.350*** 0.219*** 0.235*** 0.177***

All 0.401** 0.526** 0.483*** 0.450*** 0.417***

Econometrics 0.945 0.912 0.960 0.965 1.021

AR 1.038 1.010 1.042 1.077 1.072

VAR 0.964 0.893 0.943 0.917 0.998

DNS 0.356** 0.440** 0.418*** 0.461*** 0.418***

NSS 0.385** 0.597* 0.489*** 0.416*** 0.382***

NS(ar) 0.378** 0.513** 0.445*** 0.417*** 0.343***

2006:Jan - 2010:Dec NS(var) 0.313** 0.499* 0.434*** 0.381*** 0.355***

2nd Subsample NS(ols) 0.364** 0.514* 0.406*** 0.426*** 0.388***

NS(nls) 0.328** 0.502** 0.440*** 0.392*** 0.342***

FB 0.485** 0.629* 0.587*** 0.550*** 0.510***

FB(pure) 0.979 0.968 0.981 0.978 1.033

FB(ols) 0.602** 0.706 0.652*** 0.666*** 0.639***

FB(en) 0.923 1.174 1.126 1.076 0.991

FB(lasso) 0.903 1.145 1.121 1.025 0.953

FS 0.172*** 0.164*** 0.255*** 0.252*** 0.154***

All 2.000 1.328 0.691** 0.646*** 0.509***

Econometrics 1.757 1.969 1.321 1.266 1.324

AR 1.516 1.511 1.101 1.120 1.229

VAR 3.151 3.634 1.905 1.602 1.518

DNS 2.847 0.992 0.674** 0.692** 0.488***

NSS 1.941 1.883 0.766* 0.608*** 0.446***

NS(ar) 3.051 1.999 0.788 0.607*** 0.409***

2011:Jan - 2017:Oct NS(var) 1.749 1.004 0.626*** 0.637** 0.489***

3rd Subsample NS(ols) 2.031 0.975 0.490*** 0.638*** 0.399***

NS(nls) 2.344 1.836 0.897 0.769* 0.563***

FB 2.591 1.678 0.868 0.815 0.632***

FB(pure) 1.804 2.049 1.344 1.288 1.352

FB(ols) 2.148 1.316 0.828* 0.939 0.718***

FB(en) 5.535 3.363 1.713 1.647 1.251

FB(lasso) 5.799 3.717 1.949 1.713 1.205

FS 2.377 1.104 0.492*** 0.509*** 0.300***

All 0.445*** 0.556*** 0.492*** 0.497*** 0.449***

Econometrics 0.841* 0.939 1.056 1.094 1.137

AR 0.931 0.968 1.062 1.101 1.113

VAR 0.874 1.016 1.139 1.166 1.214

DNS 0.397*** 0.452*** 0.436*** 0.500*** 0.420***

NSS 0.525** 0.651** 0.479*** 0.432*** 0.392***

NS(ar) 0.542** 0.646** 0.469*** 0.445*** 0.363***

2001:Jan - 2017:Oct NS(var) 0.333*** 0.462*** 0.427*** 0.439*** 0.396***

4th Subsample NS(ols) 0.380*** 0.486*** 0.399*** 0.464*** 0.391***

NS(nls) 0.435*** 0.578*** 0.472*** 0.464*** 0.409***

FB 0.549*** 0.680** 0.604*** 0.615*** 0.552***

FB(pure) 0.860 0.969 1.069 1.107 1.154

FB(ols) 0.578*** 0.690** 0.672*** 0.741*** 0.671***

FB(en) 1.077 1.297 1.182 1.213 1.071

FB(lasso) 1.051 1.396 1.190 1.236 1.083

FS 0.279*** 0.294*** 0.266*** 0.294*** 0.199***

* Notes: See notes to Tables 2 and 3. Entries are MSFEs, relative to the benchmark random walk (RW), based on 1-step-ahead

forecasts of monthly U.S. Treasury bond yields of various maturities, for forecast combination models listed in Table 3. Entries in

bold denote models with lowest MSFE, for a given maturity. Entries superscripted with *, **, or *** denote rejection of the DM

predictive accuracy null hypothesis, in favor of the alternative that the listed model has significantly lower MSFE than the random

walk benchmark, at a 10%, 5%, and 1% significance level, respectively. A 12-dimensional historical yield dataset is used in the

construction of betas in all NS type models.
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Table 4B: 3-Step-Ahead Relative MSFEs of Forecast Combination Models*

Model rMSFE

Maturity 3 months 1 year 3 years 5 years 10 years

All 0.283*** 0.513*** 0.553*** 0.605*** 0.526***

Econometrics 0.535*** 0.984 1.385 1.540 1.528

AR 0.648*** 0.997 1.374 1.501 1.384

VAR 0.479*** 1.045 1.486 1.664 1.773

DNS 0.204*** 0.401*** 0.481*** 0.556*** 0.449***

NSS 0.324*** 0.519*** 0.443*** 0.455*** 0.383***

NS(ar) 0.364*** 0.502*** 0.458*** 0.434*** 0.336***

2001:Jan - 2005:Dec NS(var) 0.199*** 0.436*** 0.473*** 0.585*** 0.526***

1st Subsample NS(ols) 0.239*** 0.444*** 0.506*** 0.583*** 0.462***

NS(nls) 0.263*** 0.460*** 0.431*** 0.459*** 0.390***

FB 0.355*** 0.629*** 0.672*** 0.733** 0.635***

FB(pure) 0.528*** 1.007 1.421 1.595 1.582

FB(ols) 0.374*** 0.691** 0.861* 0.983 0.855*

FB(en) 0.714*** 1.197 1.229 1.407 1.209

FB(lasso) 0.927 1.378 1.533 1.295 1.421

FS 0.238*** 0.259*** 0.180*** 0.180*** 0.156***

All 0.517** 0.454** 0.506*** 0.553*** 0.484***

Econometrics 1.084 0.997 1.132 1.187 1.161

AR 1.145 1.024 1.169 1.313 1.289

VAR 1.191 1.063 1.166 1.137 1.098

DNS 0.451** 0.381*** 0.460*** 0.528*** 0.439***

NSS 0.452** 0.419*** 0.402*** 0.431*** 0.381***

NS(ar) 0.468** 0.387*** 0.425*** 0.471*** 0.381***

2006:Jan - 2010:Dec NS(var) 0.455** 0.433** 0.469*** 0.509*** 0.431***

2nd Subsample NS(ols) 0.456** 0.399*** 0.452*** 0.513*** 0.414***

NS(nls) 0.442** 0.390*** 0.417*** 0.459*** 0.397***

FB 0.621* 0.547** 0.619*** 0.675*** 0.587***

FB(pure) 1.153 1.041 1.161 1.223 1.198

FB(ols) 0.730 0.653* 0.748*** 0.818** 0.710**

FB(en) 1.157 1.033 1.167 1.245 1.111

FB(lasso) 1.155 1.065 1.222 1.335 1.095

FS 0.192*** 0.163*** 0.208*** 0.212*** 0.151***

All 2.670 2.767 1.163 0.757* 0.482***

Econometrics 2.571 3.865 2.019 1.534 1.342

AR 2.310 2.374 1.518 1.341 1.320

VAR 5.300 8.919 3.549 2.111 1.465

DNS 3.214 2.212 1.134 0.741* 0.436***

NSS 2.734 3.391 1.061 0.616*** 0.342***

NS(ar) 3.861 2.989 1.030 0.621*** 0.357***

2011:Jan - 2017:Oct NS(var) 2.571 3.099 1.307 0.786 0.432***

3rd Subsample NS(ols) 3.078 2.009 1.042 0.796 0.399***

NS(nls) 2.849 3.290 1.179 0.672** 0.394***

FB 3.334 3.383 1.413 0.925 0.588***

FB(pure) 2.670 4.136 2.139 1.595 1.369

FB(ols) 3.188 2.768 1.499 1.164 0.746**

FB(en) 6.694 6.281 2.612 1.779 1.137

FB(lasso) 6.942 7.142 2.680 1.638 1.129

FS 1.661 1.173 0.372*** 0.266*** 0.169***

All 0.443*** 0.534*** 0.581*** 0.612*** 0.497***

Econometrics 0.844 1.053 1.319 1.395 1.339

AR 0.924 1.040 1.290 1.395 1.330

VAR 0.921 1.225 1.506 1.534 1.438

DNS 0.382*** 0.431*** 0.525*** 0.580*** 0.441***

NSS 0.433*** 0.534*** 0.474*** 0.476*** 0.368***

NS(ar) 0.481*** 0.501*** 0.490*** 0.484*** 0.358***

2001:Jan - 2017:Oct NS(var) 0.370*** 0.493*** 0.540*** 0.592*** 0.462***

4th Subsample NS(ols) 0.399*** 0.457*** 0.525*** 0.594*** 0.424***

NS(nls) 0.400*** 0.488*** 0.486*** 0.499*** 0.394***

FB 0.542*** 0.649*** 0.708*** 0.746*** 0.603***

FB(pure) 0.877 1.091 1.359 1.444 1.378

FB(ols) 0.602*** 0.717** 0.860** 0.950 0.768***

FB(en) 1.045 1.229 1.314 1.412 1.151

FB(lasso) 1.153 1.352 1.482 1.376 1.210

FS 0.242*** 0.233*** 0.209*** 0.209*** 0.159***

* Notes: See notes to Table 4B. Entries are MSFEs, relative to the benchmark random walk model, based on 3-step-ahead

forecasts of monthly U.S. Treasury bond yields of various maturities.
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Table 4C: 12-Step-Ahead Relative MSFEs of Forecast Combination Models∗

Model rMSFE

Maturity 3 months 1 year 3 years 5 years 10 years

All 0.648** 0.852 1.144 1.288 1.462

Econometrics 1.625 2.416 3.566 4.073 4.557

AR 1.370 1.904 2.931 3.515 4.004

VAR 2.069 3.241 4.637 5.082 5.590

DNS 0.528*** 0.664** 0.951 1.090 1.177

NSS 0.526*** 0.666** 0.769** 0.843 1.039

NS(ar) 0.450*** 0.483*** 0.474*** 0.457*** 0.667***

2001:Jan - 2005:Dec NS(var) 0.663** 0.948 1.457 1.755 1.803

1st Subsample NS(ols) 0.646** 0.855 1.191 1.349 1.378

NS(nls) 0.475*** 0.583*** 0.717** 0.798** 0.985

FB 0.764* 0.996 1.325 1.491 1.689

FB(pure) 1.660 2.498 3.711 4.274 4.833

FB(ols) 1.040 1.449 2.076 2.366 2.505

FB(en) 1.335 1.699 2.250 2.509 2.756

FB(lasso) 1.369 1.817 2.393 2.605 3.510

FS 0.132*** 0.111*** 0.072*** 0.067*** 0.089***

All 0.515*** 0.632*** 0.642*** 0.798** 1.054

Econometrics 0.943 1.041 1.377 1.771 2.401

AR 1.190 1.247 1.355 1.679 2.466

VAR 0.879 1.098 1.605 2.035 2.696

DNS 0.420*** 0.562*** 0.550*** 0.755** 0.926

NSS 0.499*** 0.609*** 0.579*** 0.643*** 0.900

NS(ar) 0.480*** 0.606*** 0.544*** 0.601*** 0.793*

2006:Jan - 2010:Dec NS(var) 0.449*** 0.567*** 0.585*** 0.797** 1.086

2nd Subsample NS(ols) 0.431*** 0.623** 0.656*** 0.851 1.078

NS(nls) 0.471*** 0.561*** 0.509*** 0.606*** 0.808

FB 0.618*** 0.752** 0.773** 0.964 1.251

FB(pure) 1.066 1.162 1.477 1.877 2.632

FB(ols) 0.681** 0.867 0.998 1.292 1.666

FB(en) 1.127 1.306 1.444 1.735 2.249

FB(lasso) 1.183 1.534 1.389 1.835 1.971

FS 0.200*** 0.197*** 0.215*** 0.229*** 0.180***

All 6.704 7.568 3.593 1.533 0.771**

Econometrics 10.268 11.881 6.212 2.764 1.630

AR 9.204 9.068 5.099 2.640 1.615

VAR 17.035 20.252 9.020 3.313 1.771

DNS 7.433 6.952 3.482 1.547 0.759**

NSS 5.671 7.471 3.161 1.249 0.575***

NS(ar) 3.680 4.096 1.779 1.053 0.631***

2011:Jan - 2017:Oct NS(var) 11.235 12.720 5.821 1.955 0.736**

3rd Subsample NS(ols) 7.089 6.899 3.467 1.576 0.686***

NS(nls) 6.068 7.226 3.222 1.310 0.663***

FB 7.886 8.835 4.222 1.825 0.923

FB(pure) 11.339 13.390 7.062 3.058 1.727

FB(ols) 9.105 9.468 4.943 2.251 1.099

FB(en) 13.361 14.875 6.934 3.162 1.629

FB(lasso) 16.433 15.654 7.975 3.431 1.854

FS 1.081 0.973 0.565*** 0.303*** 0.173***

All 0.667*** 0.872 1.071 1.157 1.043

Econometrics 1.421 2.009 2.817 3.025 2.689

AR 1.391 1.753 2.406 2.709 2.528

VAR 1.712 2.643 3.638 3.688 3.135

DNS 0.571*** 0.726** 0.924 1.052 0.923

NSS 0.583*** 0.755** 0.820** 0.844** 0.788***

NS(ar) 0.507*** 0.593*** 0.573*** 0.613*** 0.678***

2001:Jan - 2017:Oct NS(var) 0.705** 0.986 1.336 1.450 1.137

4th Subsample NS(ols) 0.632*** 0.859 1.095 1.212 0.983

NS(nls) 0.549*** 0.684*** 0.767*** 0.820*** 0.793***

FB 0.792** 1.025 1.256 1.363 1.228

FB(pure) 1.511 2.130 2.982 3.209 2.870

FB(ols) 0.980 1.343 1.791 1.965 1.651

FB(en) 1.400 1.755 2.173 2.349 2.108

FB(lasso) 1.485 1.929 2.284 2.478 2.382

FS 0.177*** 0.161*** 0.157*** 0.166*** 0.149***

* Notes: See notes to Table 4A. Entries are MSFEs, relative to the benchmark random walk model, based on 12-step-ahead

forecasts of monthly U.S. Treasury bond yields of various maturities.

31



F
ig

u
re

1
:

F
R

E
D

M
D

D
a
ta

se
t

fo
r

S
a
m

p
le

P
er

io
d

1
9
8
8
:8

-
2
0
1
7
:1

0
∗

(∗
)

N
o
te

s:
T

h
is

fi
g
u

re
co

n
ta

in
s

p
lo

ts
o
f

th
e

en
ti

re
se

t
o
f

F
R

E
D

-M
D

v
a
ri

a
b

le
s,

a
s

w
el

l
a
s

a
p

lo
t

o
f

th
e

G
S

W
1
-y

ea
r

y
ie

ld
.

A
ll

n
o
n

-y
ie

ld
v
a
ri

a
b

le
s

a
re

tr
a
n

sf
o
rm

ed

to
en

su
re

st
a
ti

o
n

a
ry

,
a
n

d
a
ll

v
a
ri

a
b

le
s

a
re

st
a
n

d
a
rd

iz
ed

to
ze

ro
m

ea
n

a
n

d
u

n
it

v
a
ri

a
n

ce
.

32



F
ig

u
re

2:
Y

ie
ld

s
an

d
M

a
cr

o
ec

o
n

o
m

ic
D

iff
u

si
o
n

In
d

ex
es

fo
r

th
e

S
a
m

p
le

P
er

io
d

1
9
8
8
:8

-
2
0
1
7
:1

0
∗

(∗
)

N
o
te

s:
T

h
is

fi
g
u

re
d

is
p

la
y
s

th
e

1
2
-d

im
en

si
o
n

a
l

y
ie

ld
d

a
ta

se
t

u
se

d
in

th
e

fo
re

ca
st

in
g

ex
p

er
im

en
ts

su
m

m
a
ri

ze
d

in
T

a
b

le
1
-4

.
T

h
e

y
ie

ld
d

a
ta

se
t

co
m

b
in

es
d

a
ta

fr
o
m

F
R

E
D

H
.1

5
G

S
W

d
a
ta

se
ts

(s
ee

S
ec

ti
o
n

5
fo

r
co

m
p

le
te

d
et

a
il
s)

.
P

lo
ts

o
f

u
n

-t
a
rg

et
ed

re
a
l-

ti
m

e
d

iff
u

si
o
n

in
d

ex
es

es
ti

m
a
te

d
u

si
n
g

d
a
ta

fr
o
m

1
9
8
8
:8

-2
0
1
7
:1

0

a
re

a
ls

o
d

is
p

la
y
ed

.

33



F
ig

u
re

3:
Y

ie
ld

s
a
n

d
D

y
n

a
m

ic
N

el
so

n
S

ie
g
el

F
a
ct

o
rs

fo
r

th
e

S
a
m

p
le

P
er

io
d

1
9
8
8
:8

-
2
0
1
7
:1

0
∗

(∗
)

N
o
te

s:
T

h
is

fi
g
u

re
d

is
p

la
y
s

th
e

1
2
-d

im
en

si
o
n

a
l

y
ie

ld
d

a
ta

se
t

u
se

d
in

th
e

fo
re

ca
st

in
g

ex
p

er
im

en
ts

su
m

m
a
ri

ze
d

in
T

a
b

le
1
-4

.
T

h
e

y
ie

ld
d

a
ta

se
t

co
m

b
in

es
d

a
ta

fr
o
m

F
R

E
D

H
.1

5
G

S
W

d
a
ta

se
ts

(s
ee

S
ec

ti
o
n

5
fo

r
co

m
p

le
te

d
et

a
il
s)

.
P

lo
ts

th
re

e
D

N
S

fa
ct

o
rs

(l
ev

el
,

sl
o
p

e,
a
n

d
cu

rv
a
tu

re
),

co
n

st
ru

ct
ed

w
it

h
a

fi
x
ed

ra
te

o
f

d
ec

a
y

es
ti

m
a
te

d
u

si
n

g
o
rd

in
a
ry

le
a
st

sq
u

a
re

s,
a
re

a
ls

o
d

is
p

la
y
ed

.
S

ee
S
ec

ti
o
n

s
2

a
n

d
4

fo
r

fu
rt

h
er

d
et

a
il
s.

34



F
ig

u
re

4:
Y

ie
ld

s
an

d
D

y
n

a
m

ic
N

el
so

n
S

ie
g
el

S
ve

n
ss

o
n

F
a
ct

o
rs

fo
r

th
e

S
a
m

p
le

P
er

io
d

1
9
8
8
:8

-
2
0
1
7
:1

0∗

(∗
)

N
o
te

s:
T

h
is

fi
g
u

re
d

is
p

la
y
s

th
e

1
2
-d

im
en

si
o
n

a
l

y
ie

ld
d

a
ta

se
t

u
se

d
in

th
e

fo
re

ca
st

in
g

ex
p

er
im

en
ts

su
m

m
a
ri

ze
d

in
T

a
b

le
1
-4

.
T

h
e

y
ie

ld
d

a
ta

se
t

co
m

b
in

es
d

a
ta

fr
o
m

F
R

E
D

H
.1

5
G

S
W

d
a
ta

se
ts

(s
ee

S
ec

ti
o
n

5
fo

r
co

m
p

le
te

d
et

a
il
s)

.
P

lo
ts

th
re

e
N

S
S

fa
ct

o
rs

(l
ev

el
,

sl
o
p

e,
a
n

d
cu

rv
a
tu

re
),

co
n

st
ru

ct
ed

w
it

h
a

fi
x
ed

ra
te

o
f

d
ec

a
y

es
ti

m
a
te

d
u

si
n

g
o
rd

in
a
ry

le
a
st

sq
u

a
re

s,
a
re

a
ls

o
d

is
p

la
y
ed

.
S

ee
S
ec

ti
o
n

s
2

a
n

d
4

fo
r

fu
rt

h
er

d
et

a
il
s.

35


