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Abstract

In this paper we investigate the forecasting performance of a particular factor model
(FM) in which the factors are extracted from a large number of predictors. We use
a semi-parametric state-space representation of the FM in which the forecast objec-
tive, as well as the factors, is included in the state vector. The factors are informed
of the forecast target (supervised) through the state equation dynamics. We propose
a way to assess the contribution of the forecast objective on the extracted factors
that exploits the Kalman filter recursions. We forecast one target at a time based
on the filtered states and estimated parameters of the state-space system. We as-
sess the out-of-sample forecast performance of the proposed method in a simulation
study and in an empirical application, comparing its forecasts to the ones delivered
by other popular multivariate and univariate approaches, e.g. a standard dynamic
factor model with separate forecast and state equations.
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1 Introduction

The availability of large datasets, the increase in computational power, and the ease of
implementation have made factor models an appealing tool in forecasting. Factor models
offer several advantages over other forecasting methods. For example, they do not require
the choice of the variables to include in the forecasting scheme (as structural models do),
they make use of a large information set, they allow to concentrate the information in
all the candidate predictors in a relatively small number of factors, and they can be es-
timated with simple and fast methods. Using many predictors also allows to avoid the
structural instability typical of low-dimensional systems. As argued for instance in Stock
and Watson (2006) and Stock and Watson (2002a), also practitioners typically examine
a large number of variables when making forecasts.

Forecasting using factor models is usually carried out in a two-step procedure, as
suggested for instance by Stock and Watson (2002b). In the first step the factors are es-
timated using a set of predictors (that may include the lags of the forecast target) and in
a second step the estimated factors are used to forecast the target by means of a forecast
equation. In the two-step forecasting procedure suggested in Stock and Watson (2002b)
however, the same factors are used to forecast different targets. That is, the selection
of the factors is not supervised by the forecast target. In this paper we study a method
to supervise the factor extraction for the forecast objective in order to improve on the
predictive power of factor models. In the supervised framework, the factors are informed
of the forecast target (supervised) through the state equation dynamics. Furthermore, we
propose a way to assess the contribution of the forecast objective on the extracted factors
that exploits the Kalman filter recursions.

The forecasting properties of static, restricted, and general dynamic factor models
have been widely studied in the literature. Some examples are Boivin and Ng (2005)
and d’Agostino and Giannone (2012), who study the predictive power of different ap-
proaches belonging to the class of general dynamic factor models. Alessi et al. (2007),
Stock andWatson (2002b), Stock and Watson (2002a), and Stock andWatson (2006) com-
pare the forecasting performance of factor models to different univariate and multivariate
approaches. The evidence regarding the relative merits of factor models in forecasting,
compared to other methods, differs between works. Stock and Watson (1999) and Stock
and Watson (2002b) find a better forecast performance of factor models compared to uni-
variate methods for inflation and industrial production, whereas Schumacher and Dreger
(2002), Banerjee et al. (2005), and Engel et al. (2012) find mixed evidence.

The latent factors in a FM can be estimated using principal components analysis
(PCA), as in Stock and Watson (2002a), by dynamic principal components analysis, us-
ing frequency domain methods, as proposed by Forni et al. (2000), or by Kalman filtering
techniques. Comprehensive surveys on factor models can be found in Bai and Ng (2008b),
Breitung and Eickmeier (2006), and Stock and Watson (2011).

In the standard approach to factor models, the extracted factors are the same for all
the forecast targets. One of the directions the literature has taken for improving on this
approach is to select factors based on their ability to forecast a specific target. Different
methods have been proposed in the literature that address this problem. The method
of partial least squares regression (PLSR), for instance, constructs a set of linear combi-
nations of the inputs (predictors and forecast target) for regression, for more details see
for instance Friedman et al. (2001). Bai and Ng (2008a) proposed performing PCA on a
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subset of the original predictors, selected using thresholding rules. This approach is close
to the supervised PCA method proposed in Bair et al. (2006), that aims at finding linear
combinations of the predictors that have high correlation with the target. In particular,
first a subset of the predictors is selected, based on the correlation with the target (i.e.
the regression coefficient exceeds a given threshold), then PCA is applied on the resulting
subset of variables. Bai and Ng (2009) consider ‘boosting’ (a procedure that performs
subset variable selection and coefficient shrinkage) as a methodology for selecting the
predictors in factor-augmented autoregressions. Finally, Giovannelli and Proietti (2014)
propose an operational supervised method that selects factors based on their significance
in the regression of the forecast target on the predictors.

The supervised dynamic factor model we study in this paper is based on a Gaussian,
factor-augmented, approximate, dynamic factor model in which the forecast objective is
modelled jointly with the factors. In this paper, by dynamic factor model we mean a
factor model in which the factors follow a dynamic equation. The system has a linear
state-space representation and we estimate it using maximum likelihood. The likelihood
function is delivered by the Kalman filter. Under this setup, we propose a way to mea-
sure the contribution of the forecast objective on the extracted factors that exploits the
Kalman filter recursions. In particular, we compute the contribution of the forecast tar-
get to the variance of the filtered factors and find a positive correspondence between this
quantity and the forecast performance of the supervised scheme.

We assess the out-of-sample forecast performance of the supervised scheme by means
of a simulation study and in an empirical application. In the simulation study, we vary
the degree of correlation between the factors and forecast objective. We compare the
forecasts from the supervised model to two unsupervised FM specifications. We find that
the higher the correlation between factors and forecast target, the better the forecasts of
the supervised scheme. In the empirical application, we forecast selected macroeconomic
time series and compare the forecast performance of the supervised FM to two unsu-
pervised FM specifications and other multivariate and univariate methods. We use the
dataset from Jurado et al. (2015), adding two more variables: real disposable personal
income and personal consumption expenditure, excluding food and energy, and remov-
ing the index of aggregate weekly Hours (BLS), because this series starts later than the
others. The resulting dataset comprises 132 variables. We forecast consumer price index
(CPI), federal funds rate (FFR), personal consumption expenditures deflator (PCEd),
producer price index (PPI), personal income (PEI), unemployment rate (UR), industrial
production (IP), real disposable income (RDI), and personal consumption expenditures
(PCE). The observations range from January 1960 to December 2011 and all variables
refer to the US economy.

The paper is organized as follows: in Section 2 we introduce the supervised factor
model and compare with other forecasting methods based on factor models; in Section 3
we show how supervision can be measured using the Kalman filter recursions; in Section
4 we provide some details on the computational aspects of the analysis; in Sections 5 and
6 we describe the empirical application and the simulation setup, respectively; finally,
Section 7 concludes.
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2 Forecasting with dynamic factor models

Let yt be the forecast objective, xt an N -dimensional vector of predictors (that may or
not include lags of the forecast objective), h the forecast horizon and T the last available
time-point in the estimation window.

2.1 Supervised factor model

We propose the following forecasting model. Consider the state-space system:

[

xt

yt

]

=

[

Λ 0

0 1

] [

ft
yt

]

+

[

ǫt
0

]

, ǫt ∼ N(0,H),

[

ft+1

yt+1

]

= c+T

[

ft
yt

]

+ ηt, ηt ∼ N(0,Q), (1)

where ft ∈ Rk are latent factors, Λ is a matrix of factor loadings, T and c are a matrix and
a vector of coefficients, respectively, of suitable dimensions, ǫt ∈ R

N and ηt ∈ R
k+1 are

uncorrelated vectors of disturbances and H and Q are their respective variance-covariance
matrices. The forecast objective is placed in the state equation together with the latent
factors and the predictors are modelled in the measurement equation. We consider joint
estimation of the factors using the Kalman filter recursions and maximum likelihood esti-
mation for the parameters. The intuition behind the model is that if the forecast objective
is correlated with the factors, modelling factors and forecast objective jointly should de-
liver a better estimate of the factors. We define supervision to be the contribution of the
forecast target to the estimation of the latent factors. In the next section we derive the
analytical expression of this contribution and present a measure of supervision based on
it.

The state equation can be understood as a factor augmented VAR (FAVAR), intro-
duced in Bernanke et al. (2005), in which factors are included together with observables
in a VAR model. A specification similar to this one was used also in Diebold et al. (2006)
to analyse the correlation between the Nelson-Siegel factors and some macroeconomic
variables.

We wish to extract factors from a large number of predictors and model them jointly
with the forecast objective. In order to find a parsimonious specification of the factor
model we select as factor loadings basis functions of RN . This corresponds to taking a
low order approximation of the vector of predictors at each point in time. Virtually any
basis of RN can be used. We choose discrete cosine basis for their ease of implementation.
Mallat (1999, Theorem 8.12) shows that a random vector in C

N can be decomposed into
discrete cosine basis. In particular, any g ∈ CN can be decomposed into

gn =
2

N

N−1
∑

k=0

fnλkcos

[

kπ

N

(

n+
1

2

)]

,

for 0 ≤ n < N , where gn is the n− th component of g,

λk =

{

2−1/2 if k = 0 and

1 otherwise
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and

fn =

〈

gn, λkcos

[

kπ

N

(

n+
1

2

)]〉

= λk

N−1
∑

n=0

gncos

[

kπ

N

(

n+
1

2

)]

,

are the discrete cosine transform of type I.
In our specification xt = gt + ǫt for each t = 1, ..., T and xt,n = gt,n + ǫt,n with

n = 1, ..., N , where with xt we denote a vector of predictors. For each point in time
we then have gt,n = 2

N

∑N−1
k=0 ft,kλkcos

[

kπ
N

(

n+ 1
2

)]

. The weights ft,k are estimated via
Kalman filter/smoother recursions. The cosine basis functions are then contained in the
factor loading matrix

Λ =











√
2

N
2
N
cos
[

π
N

(

1 + 1
2

)]

· · · 2
N
cos
[

(k−1)π
N

(

1 + 1
2

)

]

...
...

...
√
2

N
2
N
cos
[

π
N

(

N + 1
2

)]

· · · 2
N
cos
[

(k−1)π
N

(

N + 1
2

)

]











. (2)

The supervised factor model is then comprised of equations (1) and (2). The forecasting
scheme for this model is:

(i) estimation of the system parameters using maximum likelihood;

(ii) extraction of the factors using the Kalman filter;

(iii) the forecast ŷT+h is obtained as the last element of the vector

[

f̂T+h|T
ŷT+h|T

]

= T̂
h
[

f̂T |T
yT

]

+

h−1
∑

i=0

T̂
i
ĉ, (3)

where f̂T |T is the vector of filtered factors, h is the forecast lead, and T̂ and ĉ are
estimated parameters.

Note that the filtered and smoothed estimates for fT are the same.

2.2 Two-step procedure

Forecasting using dynamic factor models (DFM hereafter) is often carried out in a two-
step procedure as in Stock and Watson (2002a). Consider the model

yt+h = β(L)′ft + γ(L)yt + ǫt+h, (4)

xt,i = λi(L)ft + ηt,i, (5)

with i = 1, . . . , N and where ft = (ft,1, . . . , ft,k) are k latent factors, ηt = [ηt,i, . . . , ηt,N ]
′

and ǫt are idiosyncratic disturbances, β(L) =
∑q

j=0 βj+1L
j , λi(L) =

∑p
j=0 λi(j+1)L

j , and

γ(L) =
∑s

j=0 γj+1L
j are finite lag polynomials in the lag operator L; βj ∈ R

k, γj ∈ R,
and λij ∈ R are parameters and q, p, s ∈ N0 are indices. The assumption on the finiteness
of the lag polynomials allows us to rewrite (4)-(5) as a static factor model, i.e. a factor
model in which the factors do not appear in lags:

yt+h = c+ β′Ft + γ(L)yt + ǫt+h,

xt = ΛFt + ηt, (6)
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with Ft = [f′t, . . . , f
′
t−r]

′, r = max(q, p), the i-th row of Λ is [λi,1, . . . , λi,r+1], and β =
[β′

1, . . . ,β
′
r+1]

′. The forecasting scheme is the following:

(i) extraction of the factors ft from the predictors xt, modelled in equation (5), using
either principal components analysis or the Kalman filter;

(ii) regression of the forecast objective on the lagged estimated factors and on its lags,
according to the forecasting equation (4);

(iii) the forecast is obtained from the estimated factors and regression coefficients as

ŷT+h = ĉ+ β̂
′
F̂t + γ̂(L)yT .

Stock and Watson (2002a) developed theoretical results for this two-step procedure, in
the case of principal components estimation. In particular, they show the asymptotic
efficiency of the feasible forecasts and the consistency of the factor estimates.

The difference between the supervised DFM and the two-step forecasting procedure
is that in the former model the factors are extracted conditionally on the forecast target.
In the supervised framework the filtered/smoothed factors are tailored to the forecast
objective. Note that for a linear state-space system the Kalman filter delivers the best
linear predictions of the state vector, conditionally on the observations. Moreover, if the
innovations are Gaussian, the filtered states coincide with conditional expectations, for
more details on the optimality properties of the Kalman filter see Brockwell and Davis
(2009).

3 Quantifying supervision

In this section we propose a statistic to quantify supervision. We are interested in quan-
tifying the influence of the forecast target on the filtered factors. To accomplish this, we
develop some results that hold for a general linear, state-space system with non-random
coefficient matrices. Consider the following state-space system:

yt = Ztαt + ǫt,

αt+1 = Ttαt +Rtηt, (7)

where ǫt ∼ WN(0,Ht) and ηt ∼ WN(0,Qt) are uncorrelated random vectors, yt ∈ RN ,
αt ∈ R

k, and ηt ∈ R
q, and the matrices Zt, Tt, and Rt are of suitable dimensions. Note

that in this context we assume white noise innovations.
In model (1), we include the observable forecast target as last element, both in the

measurement and in the state equation. In the notation of model (7), we are therefore
ultimately interested in the influence of the forecast target, the last element in yt, denoted
yt,N (or yt in the notation of model (1)), on the filtered factors f̂t. To be more precise,
the objective is to quantify the influence of the sequence {yi,N}i=1,...,t (or {yi}i=1,...,t in the

notation of model (1)) on f̂t, the filtered factors at time t.
The standard Kalman filter recursions (see for instance Durbin and Koopman (2012))

for system (7) are:

vt = yt − Ztat,

Ft = ZtPtZ
′
t +Ht,

Mt = PtZ
′
t, (8)
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at|t = at +MtF
−1
t vt, Pt|t = Pt −MtF

−1
t M′

t,

at+1 = Ttat|t, Pt+1 = TtPt|tT
′
t +RtQtR

′
t, (9)

for t = 1, . . . , T , where Pt = E[(αt − at)(αt − at)], Pt|t = E
[

[αt − at|t][αt − at|t]
′], Ft =

E[vtv
′
t], and at|t = Pt(αt) = P (αt|y0, . . . ,yt) and at = Pt−1(αt) = P (αt|y0, . . . ,yt−1) are

the filtered state and one-step-ahead prediction of the state vector, respectively, and Pt(·)
is the best linear predictor operator, see Brockwell and Davis (2002) for more details on
the definition and properties of the best linear predictor operator. In the particular case
of Gaussian innovations in both the state and measurement equations, the best linear
predictor coincides with the conditional expectation. The forecasting step in the Kalman
recursions (9) can be written as

at+1 = Ttat +Ktvt

= Ttat +Kt(yt − Ztat)

= Stat +Ktyt, (10)

with Kt = TtPtZ
′
tF

−1
t and St = Tt −KtZt. Iterating backwards on the one-step-ahead

prediction of the state, the filtered state can be written as

at|t = at + K̃tvt

= Ntat + K̃tyt

= Nt

(

St−1at−1 +Kt−1yt−1

)

+ K̃tyt

= Nt

[

St−1

(

St−2at−2 +Kt−2yt−2

)

+Kt−1yt−1

]

+ K̃tyt

= Nt

[

St−1St−2at−2 + St−1Kt−2yt−2 +Kt−1yt−1

]

+ K̃tyt

= . . .

= Nt

[

t−1
∏

i=1

St−ia1 +

t−1
∑

i=1

(

i−1
∏

ℓ=1

St−ℓ

)

Kt−iyt−i

]

+ K̃tyt, (11)

with Nt = (I−K̃tZt), K̃t = PtZ
′
tF

−1
t and the convention

∏i−1
ℓ=1 St−ℓ = Ik if i−1 < 1. The

contribution of the n-th observable on the filtered state at time t can be isolated from the
previous expression in the following way

at|t = Nt

[

t−1
∏

i=1

St−ia1 +
t−1
∑

i=1

(

i−1
∏

ℓ=1

St−ℓ

)

Kt−i

N
∑

j=1

eje
′
jyt−i

]

+ K̃t

N
∑

j=1

eje
′
jyt

= Nt

[

t−1
∏

i=1

St−ia1 +

t−1
∑

i=1

(

i−1
∏

ℓ=1

St−ℓ

)

Kt−i

N
∑

j=1,j 6=n

eje
′
jyt−i

]

+ K̃t

N
∑

j=1,j 6=n

eje
′
jyt

+ Nt

t−1
∑

i=1

(

i−1
∏

ℓ=1

St−ℓ

)

kt−i,·nyt−i,n

+ k̃t,·nyt,n, (12)

where with bt,·n and bt,n· we denote the n-th column and row of the matrixBt, respectively,
and yt,n is the n-th component of yt; ej with j = 1, . . . , N are the canonical basis vectors
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of RN . In (12) we made use of the identity
∑N

j=1 eje
′
j = IN . The contribution of the n-th

observable {yi,N}i=1,...,t on the filtered state at|t is given by

snt = Nt

t−1
∑

i=1

(

i−1
∏

ℓ=1

St−ℓ

)

kt−i,·nyt−i,n + k̃t,·nyt,n. (13)

The first moment and the variance of snt are

E[snt ] = Nt

t−1
∑

i=1

(

i−1
∏

ℓ=1

St−ℓ

)

kt−i,·nE[yt−i,n] + k̃t,·nE[yt,n],

var[snt ] = Nt

t−1
∑

i=1,i′=1

(

i−1
∏

ℓ=1

St−ℓ

)

kt−i,·ncov[yt−i,n, yt−i′,n]k
′
t−i′,·n

(

i′−1
∏

ℓ=1

S′
t−ℓ

)

N′
t

+ k̃t,·nvar[yt,n]k̃
′
t,·n

+ 2Nt

t−1
∑

i=1

(

i−1
∏

ℓ=1

St−ℓ

)

kt−i,·ncov[yt−i,n, yt,n]k̃
′
t,·n. (14)

Note that Ft = E[vtv
′
t], Pt = E[(αt − at)(αt − at)

′], and K̃t = PtZ
′
tF

−1
t are non-random

matrices. If yt,n is stationary with mean E[yt,n] = µy.,n and autocovariance function
cov[yt,n, yt−h,n] = γn(h), we can rewrite (14) as

E[snt ] =

[

Nt

t−1
∑

i=1

(

i−1
∏

ℓ=1

St−ℓ

)

kt−i,·n + k̃t,·n

]

µy.,n,

var[snt ] = Nt

t−1
∑

i=1,i′=1

(

i−1
∏

ℓ=1

St−ℓ

)

kt−i,·nγn(i− i′)k′
t−i′,·n

(

i′−1
∏

ℓ=1

S′
t−ℓ

)

N′
t

+ k̃t,·nγn(0)k̃
′
t,·n

+ 2Nt

t−1
∑

i=1

(

i−1
∏

ℓ=1

St−ℓ

)

kt−i,·nγn(i)k̃
′
t,·n,

(15)

or, in a more compact form

E[snt ] =
(

Wt−1ιt−1 + k̃t,·n

)

µy.,n,

var[snt ] = Wt−1Γ
n
t−2W

′
t−1

+ k̃t,·nγn(0)k̃
′
t,·n

+ 2Wt−1γ
n
t−1k̃

′
t,·n,

where Wt−1 =
[

Ntkt−1,·n,Nt

(
∏1

ℓ=1 St−ℓ

)

kt−2,·n, . . . ,Nt

(
∏t−2

ℓ=1 St−ℓ

)

k1,·n
]

, ιt−1 is a vector
of ones of length t− 1, γn

t−1 = [γn(1), . . . , γn(t− 1)]′, and

Γn
t−2 =











γn(0) γn(1) · · · γn(t− 2)
γn(1) γn(0) · · · γn(t− 3)
...

...
. . .

...
γn(t− 2) γn(t− 3) · · · γn(0)











. (16)
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The distribution of the contribution of the n-th observable on the filtered state at time t

is

snt ∼ p (E [snt ] , var [s
n
t ]) , (17)

where p(µ,Σ) denotes the distribution function of yt,n with mean µ and covariance matrix
Σ. The contribution of observable n on the j-th filtered state at time t is given by
snt,j = ẽ′js

n
t with ẽj the j-th canonical basis vector of Rk.

3.1 Variance of filtered states explained by forecast objective

In this section we derive the variance ratio used as a measure of supervision. In particular,
we compute the fraction of the total variance of the filtered factors that is explained by
snt , the contribution of the forecast target. According to eqn. (11) and assuming a1 to be
a constant vector (typically a1 = µ = E[αt] for a stationary system), the variance of at|t
can be written as

var[at|t] = var

[

Nt

t−1
∑

i=1

Bi
tyt−i

]

+ var
[

K̃tyt

]

+ 2cov

[

Nt

t−1
∑

i=1

Bi
tyt−i, K̃tyt

]

= Nt

t−1
∑

i=1,j=1

Bi
tcov

[

yt−i,yt−j

]

(Bj
t )

′N′
t

+ K̃tvar [yt] K̃
′
t + 2Nt

t−1
∑

i=1

Bi
tcov

[

yt−i,yt

]

K̃
′
t,

where Bi
t =

(

∏i−1
ℓ=1 St−ℓ

)

Kt−i and as in the previous section St = Tt − KtZt. If yt is

stationary, we can write

var
[

at|t
]

= Nt

t−1
∑

i=1,j=1

Bi
tΣ(i− j)(Bj

t)
′N′

t

+ K̃tΣ(0)K̃
′
t + 2Nt

t−1
∑

i=1

Bi
tΣ(i)K̃

′
t, (18)

where Σ(i− j) = cov(yt−i,yt−j).
Notice that, since the sequence of filtered states depends on the initial values of the

filter, so does the sequence {sni }i=1,...,t. As a consequence, it is not a stationary and
ergodic sequence. Its variance changes in time and in order to estimate it, we first need to
estimate the autocovariance function of the sequence of observations {yi}i=1,...,t and the
parameters of the system and then evaluate expressions (16) and (18).

The variance of the j-th filtered factor explained by the n-th variable can then be
assessed by means of the ratio

r
j,n
t =

ẽ′jvar [s
n
t ] ẽj

ẽ′jvar
[

at|t
]

ẽj
, (19)
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where ẽj is the j-th canonical basis vector of Rk, as before. This quantity can be estimated
by consistently replacing the data-generating parameters with consistent estimates and
the autocovariances of yt by their sample counterparts (under the condition of ergodic
stationarity). Note that the variance ratio has the same expression also when adding a
constant ct to the state equation.

4 Computational aspects

The objective of this study is to determine the forecasting power of the supervised factor
model (1)-(2). The forecast performance is based on out-of-sample forecasts for which a
rolling window of fixed size is used for the estimation of the parameters. The log-likelihood
is maximized for each estimation window.

4.1 Estimation method

The parameters of the state-space model are estimated by maximum likelihood. The
likelihood is delivered by the Kalman filter. We employ the univariate Kalman filter
derived in Koopman and Durbin (2000) as we assume a diagonal covariance matrix for
the innovations in the measurement equation. The maximum of the likelihood function
has no explicit form solution and numerical methods have to be employed. We make use
of the following two algorithms.

• CMA-ES. Covariance Matrix Adaptation Evolution Strategy, see Hansen and Os-
termeier (1996)1. This is a genetic algorithm that samples the parameter space
according to a Gaussian search distribution which changes according to where the
best solutions are found in the parameter space;

• BFGS. Broyden-Fletcher-Goldfarb-Shanno, see for instance Press et al. (2002).
This algorithm belongs to the class of quasi-Newton methods and requires the com-
putation of the gradient of the function to be minimized.

The CMA-ES algorithm performs very well when no good initial values are available but
it is slower to converge than the BFGS routine. The BFGS algorithm, on the other hand,
requires good initial values but converges considerably faster than the CMA-ES algorithm
(once good initial values have been obtained). Hence, we use the CMA-ES algorithm to
find good initial values and then the BFGS one to perform the minimizations with the
different rolling windows of data. We use algorithmic (or automatic) differentiation2 to
compute gradients. We make use of the ADEPT C++ library, see Hogan (2013)3. The
advantage of using algorithmic differentiation over finite differences is twofold: increased
speed and elimination of approximation errors in the computation of the gradient.

1See https://www.lri.fr/~hansen/cmaesintro.html for references and source codes. The authors
provide C source code for the algorithm which can be easily converted into C++ code.

2See for instance Verma (2000) for an introduction to algorithmic differentiation.
3For a user guide see http://www.cloud-net.org/~clouds/adept/adept_documentation.pdf.
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4.2 Speed improvements

To gain speed we chose C++ as the programming language, using routines from the
Numerical Recipes, Press et al. (2002) 4. We compile and run the executables on a Linux
64-bit operating system using the GCC compiler 5. We use Open MPI 1.6.4 (Message
Passing Interface) with the Open MPI C++ wrapper compiler mpic++ to parallelise the
maximum likelihood estimations 6. We compute gradients using the ADEPT library for
algorithmic differentiation, see Hogan (2013).

5 Empirical application

We wish to assess the forecasting performance of model (1)-(2). We fix the number of
latent factors at 1, 2, and 3 for the models involving factors7. The complete sample size
is T = 617, the rolling window for the parameter estimation has size R = 306, and the
number of forecasts is S = 300.

5.1 Data

We use the Jurado, Ludvigson and Ng dataset as used in Jurado et al. (2015) adding two
more variables, namely real disposable income (RDI) and personal consumption expen-
diture excluding food and energy (PCE) and removing the Index of Aggregate Weekly
Hours (BLS). The resulting dataset comprises 132 variables. We have applied the same
transformations as in Jurado et al. (2015) to achieve stationarity for the series in com-
mon with this dataset. For RDI and PCE we used the same transformations used for
the personal income (PI) and for the personal consumption deflator (PCEd), respectively.
Details on the Jurado, Ludvigson and Ng dataset used in Jurado et al. (2015) are provided
by the authors at http://www.econ.nyu.edu/user/ludvigsons/data.htm.

The details for the time series added to the Jurado, Ludvigson and Ng dataset are
the following:

• PCE. Series ID: DPCCRC1M027SBEA, Title: Personal consumption expenditures
excluding food and energy, Source: U.S. Department of Commerce: Bureau of Eco-
nomic Analysis, Release: Personal Income and Outlays, Units: Billions of Dol-
lars, Frequency: Monthly, Seasonal Adjustment: Seasonally Adjusted Annual Rate,
Notes: BEA Account Code: DPCCRC1, For more information about this series see
http://www.bea.gov/national/.

• RDI. Series ID: DSPIC96, Title: Real Disposable Personal Income, Source: U.S.
Department of Commerce: Bureau of Economic Analysis, Release: Personal Income
and Outlays, Units: Billions of Chained 2009 Dollars, Frequency: Monthly, Sea-
sonal Adjustment: Seasonally Adjusted Annual Rate, Notes: BEA Account, Code:

4See Aruoba and Fernández-Villaverde (2014) for a comparison of different programming languages
in economics and Fog (2006) for many suggestions on how to optimize software in C++.

5See http://gcc.gnu.org/onlinedocs/ for more information on the Gnu Compiler Collection, GCC.
6See http://www.open-mpi.org/ for more details on Open MPI and Karniadakis (2003) for a review

of parallel scientific computing in C++ and MPI.
7See below for more details on the choice of the number of factors.
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A067RX1, A Guide to the National Income and Product Accounts of the United
States (NIPA) - (http://www.bea.gov/national/pdf/nipaguid.pdf).

The RDI and PCE series have been taken from the FRED (Federal Reserve Economic
Data) database and can be downloaded from the website of the Federal Reserve Bank of
St. Louis: http://research.stlouisfed.org/fred2.

The macroeconomic variables selected as forecast objectives are: consumer price in-
dex (CPI), federal funds rate (FFR), personal consumption expenditures deflator (PCEd),
producer price index (PPI), personal income (PEI), unemployment rate (UR), indus-
trial production (IP), real disposable income (RDI), and personal consumer expenditures
(PCE).

The observations in levels range from January 1960 to December 2011 for a total
of 624 observations, and from March 1960 to December 2011 after being transformed to
stationarity, for a total of 622 data points. The data refers to the US economy.

5.2 Selection of number of factors

The selection of the number of factors is a key aspect in dynamic/static factor models. A
widely used information-criterion-based method for static factor models was derived by
Bai and Ng (2002). Under appropriate assumptions, they show that their method can
consistently identify the number of factors as both the cross-section and the sample-size
tend to infinity. The method was extended to the case of restricted dynamic models by
Bai and Ng (2007) and Amengual and Watson (2007). The Bai and Ng (2002) criterion
was found to overestimate the true number of factors in simulation studies by e.g. Hallin
and Lǐska (2007), who propose a new method, valid under more general assumptions, that
exploits the properties of the eigenvalues of sample spectral density matrices. Alessi et al.
(2010) follow the idea of Hallin and Lǐska (2007) to improve on Bai and Ng (2002) in the
less general case of static factor models. They show using simulations that their method
performs well, in particular under large idiosyncratic disturbances. Another method for
selecting the number of factors in static approximate factor models and based on the
eigenvalues of the variance-covariance matrix of the panel of data, was proposed by Ahn
and Horenstein (2013).

We find that the Alessi et al. (2010) test is somewhat dependent on the number and
sizes of the subsamples required by the test. Similarly, the number of factors selected
using the Ahn and Horenstein (2013) eigenvalue ratio test, is somewhat sensitive to the
choice of the maximum allowed number of factors. Motivated by this and by the empirical
finding that models using a low number of factors tend to forecast better (see e.g. Stock
and Watson (2002b) for the case of output and inflation) in this work we consider models
with a fixed, low number of factors. In particular, we consider factor models with 1, 2, and
3 factors. Increasing the number of factors was seen not to further improve the forecasts.

5.3 Competing models

We choose different competing models widely used in the forecasting literature in order to
assess the relative forecasting performance of the supervised DFM. We divide these models
into direct multi-step and indirect (recursive) forecasting models. In the factor models
considered as well as in the principal components regressions and partial least squares
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regressions we extract 1, 2, and 3 factors. In the following we denote with h the forecast
horizon, yt the forecast objective, xt = [x1

t , . . . , x
N
t ] an (N × 1) vector of predictors, ǫt

a Gaussian white noise innovation, ft = [f 1
t , . . . , f

k
t ] a (k × 1) vector of factors and Λ a

matrix of factor loadings.

5.3.1 Direct forecasting models

The first model is the following restricted AR(p) process

yt+h(h) = c+ φ1yt(h) + . . . φpyt−p(h) + ǫt+h. (20)

The second model is a restricted MA(q) process

yt+h(h) = c+ θ1ǫt + . . . θqǫt−q + ǫt+h. (21)

Both models are estimated by maximum likelihood. The lags p and q are selected for
each estimation sample as the values that minimize the Bayesian information criterion.
In particular, we consider p, q ∈ {1, 2, 3}.

The third model is principal component regression (PCR). In the first step, principal
components are extracted from the regressors Xt = [x1

t , . . . , x
N
t , yt]; yt+h is then regressed

on them to obtain β̂PCR for time indexes 1 ≤ t ≤ Ti−h. In the second step, the principal
components are projected at time Ti and then multiplied by β̂PCR to obtain the h-period
ahead forecast.

The fourth model considered is partial least squares regression (PLSR). In the first
step, the partial least squares components ŷmt are computed using the forecast target
{yt : h ≤ t ≤ Ti} and the predictors Xt = [x1

t , . . . , x
N
t , yt] with 1 ≤ t ≤ Ti − h where

M ≤ (N +1) is the number of partial least squares components and N +1 is the number
of predictors, including the lagged value of the forecast objective. In the second step,
the partial least squares components ŷmt are regressed on the predictors Xt to recover
the coefficient vector β̂PLSR. Note that as the partial least squares components are a
linear combination of the regressors, the relation is exact, i.e. the residuals from this
regression are (algebraically) null. In the third step, the partial least squares components
are projected at time Ti by multiplying YTi

by β̂PLSR. The projected PLSR components
at time Ti are then summed to obtain the h-period ahead forecast ŷTi+h =

∑M
m=1 ŷ

m
Ti
.

The fifth direct forecasting method considered is a two-step procedure as described
in equations (4).

The sixth direct forecasting method is the one based on the principal components
estimation approach in Stock and Watson (2002a) to a specific version of model (6). In
particular we take as forecasting equation

yt+h = c+ β′ft + yt + ǫt+h,

xt = Λft + ηt, (22)

with ft = [f 1
t , . . . , f

k
t ]. The predictors are in xt and are standardized for each forecasting

window. As described in Stock and Watson (2002a) the factor loadings Λ and the factors
ft for t = 1, . . . , T can be estimated using principal components. Denote with F =
[f1, . . . , fT ] and X′ = [x1, . . . ,xT ]; the estimator of the loadings Λ̂ is the matrix made
of the eigenvectors corresponding to the largest eigenvalues of the matrix X′X and the
factors are estimated by F̂ = XΛ̂. In the present paper, we are focusing on forecasting
and hence any estimated rotation of the factors will suffice for the analysis.
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5.3.2 Indirect forecasting models

The first model is the following AR(p) process

yt+h = c+ φ1yt+h−1 + . . . φpyt+h−p + ǫt+h. (23)

The second model is a MA(q) process

yt+h = c + θ1ǫt+h−1 + . . . θqǫt+h−q + ǫt+h. (24)

Both models are estimated by maximum likelihood. The lags p and q are selected for
each estimation sample as the values that minimize the Bayesian information criterion.
In particular, we consider p, q ∈ {1, 2, 3}.

The third indirect forecasting method is an alternative two-step procedure. We spec-
ify a dynamic equation for the factors and a static one between the factors and the
predictors/forecast target. In particular, we allow the factors Ft ∈ Rk to follow the
autoregressive dynamics:

Ft+1 = c+TFt + νt, (25)

where T and c are a matrix and a vector of coefficients, respectively, and νt is a vector
of disturbances with E[νtν

′
t] = Σ, and a static equation is specified for the mapping

between the factors and the predictors/forecast target, such as

[

xt

yt

]

= ZFt + ǫt, (26)

where Z is a matrix of factor loadings and ǫt is an innovation vector, with E[ǫtǫ
′
t] = Ω.

In particular, we use the factor loading matrix (2). Forecasts can be constructed by
estimating the system, iterating on the factor equation and then mapping the factors to
the forecast objective using the estimated factor loadings. Assuming Gaussianity of the
idiosyncratic errors, for instance, the system (25-26) can be estimated maximizing the
likelihood delivered by the Kalman filter. In this case a forecasting scheme would be of
this type:

(i) estimation of the system parameters by maximum likelihood;

(ii) extraction of the factors using the Kalman filter;

(iii) forecasting of factors using the state equation

f̂T+h =

[

T̂
h
f̂T +

h−1
∑

i=0

T̂
i
ĉ

]

, (27)

where f̂t represent estimated factors;

(iv) the forecast is then the last element of the vector

[

x̂T+h

ŷT+h

]

= Ẑf̂T+h. (28)
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Finally, we compare the forecast performance of the supervised model (1-2) to its unsu-
pervised counterpart. Namely, in this specification the factors are first extracted using
the Kalman filter and the forecast are then obtained using the forecast equation

yt+h = c+ f̂
′
tβ + γyt + ut, (29)

where c, β, and γ are parameters to be estimated, ut is the error term, and f̂t is the vector
of filtered factors.

5.4 Forecasting

5.4.1 Forecasting scheme

The aim is to compute the forecast of the objective variable yt at time t + h, i.e. ŷt+h,
where h is the forecast lead. We consider a rolling windows scheme. The reason is that
one of the requirements for the application of the Giacomini and White (2006) test, in
case of nested models, is to use rolling windows. The variables, including the forecast
target, are made stationary according to the transformations used in Jurado et al. (2015).
We standardize the variables in the estimation windows by subtracting the time average
and dividing by the standard deviation.

We build series of forecast errors of length S for all forecast targets. The complete
time series is indexed {Yt : t ∈ N>0, t ≤ T} where T is the sample length of the complete
dataset and Yt = {x1

t , ..., x
N
t , yt}. The estimation sample takes into account observations

indexed {Yt : t ∈ N>0, Ti − R + 1 ≤ t ≤ Ti} for i ∈ N>0, i ≤ S with T1 = R =
T ∗ − S − hmax + 1 the index of the last observation of the first estimation sample, which
coincides with the size of the rolling window, and Ti = T1 + i for i ∈ N>0, i ≤ S and hmax

is the maximum forecast lead. The forecasting strategy for h-step ahead forecasts for the
supervised factor model (1)-(2) is the following (for the competing models the forecasting
scheme is analogous), for i = 1, . . . , S:

(i) estimation of the system parameters using information from time Ti − R + 1 up to
time Ti by maximizing the log-likelihood function delivered by the Kalman filter;

(ii) computation of the filtered state vector at time Ti, i.e. α̂Ti|Ti
(note that the last

element of α̂Ti|Ti
is yTi

);

(iii) the forecast is then:

ŷTi+h|Ti
= [01×L : 1]

[

T̂
h
α̂Ti|Ti

+

h−1
∑

i=0

T̂
i
ĉ

]

, (30)

where the parameter matrices are relative to equation (1).

The forecasting scheme for the competing methods is analogous.
In particular, the complete sample size is T = 622, the rolling window has size

R = 311, and the number of forecasts is S = 300. The 1-step ahead forecasts range from
February 1986 to January 2011. The 12-step ahead forecasts range from January 1987 to
December 2011.
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5.4.2 Test of forecast performance

We make use of the conditional predictive ability test proposed in Giacomini and White
(2006)8 to assess the forecasting performance of the supervised factor model (1)-(2), rela-
tive to the other forecasting methods. In particular, we use a quadratic loss function. This
test is valid also when comparing nested models, provided a rolling scheme for parameter
estimation is used. The autocorrelations of the loss differentials are taken into account
by computing Newey and West (1987) standard errors. We follow the “rule of thumb” in
Clark and McCracken (2011) and take a sample split ratio π = S

R
approximately equal to

one.

5.5 Empirical application results

In this subsection we present results corresponding to the empirical application. The
mean square prediction error ratios between forecasts from the supervised model and the
competing models can be found in tables 1-9 in Appendix A. The supervised factor model
corresponds to equations (1) with discrete cosine basis as loadings, equation (2). In the
tables, three, two, and one stars refer to significance levels 0.01, 0.05, and 0.10 for the
null hypothesis of equal conditional predictive ability for the Giacomini and White (2006)
test. The different forecasting models are labelled according to the following convention:

• model 1. Principal component regression (PCR);

• model 2. Partial least squares regression (PLSR);

• model 3. AR(p) direct, eqn. (20);

• model 4. MA(q) direct, eqn. (21);

• model 5. AR(p) indirect, eqn. (23);

• model 6. MA(q) indirect, eqn. (24);

• model 7. Stock and Watson two-step procedure, eqn. (22);

• model 8. Unsupervised factor model (25), and (26) with discrete cosine basis factor
loadings, eqn. (2);

• model 9. Unsupervised factor model as in Section 2.2 with discrete cosine basis
factor loadings, eqn. (2);

• model 10. Supervised factor model as in eqn. (1) with discrete cosine basis factor
loadings (2).

For reasons explained in Section 5.2, we estimate the supervised and unsupervised factor
models using 1, 2, and 3 factors.

Looking at the tables 1-9, we can make the following remarks (divided with respect
to the different number of factors used):

8At http://www.runshare.org/CompanionSite/site.do?siteId=116 the authors provide MAT-
LAB codes for the test.
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(i) 1 factor. The supervised factor model, eqn. (1), in general delivers forecasts better
than or similar to the other forecasting methods. In more than 56% of the cases
the model performs better than the competing ones, in 23% equally well and in
roughly 20% of the cases it performs worse. However, of the 56% cases in which
the model performs better, 37% of them are statistically significant at the α = 10%
significance level, whereas of the 17% of cases in which it performs worse, only 9%
are statistically significant at the α = 10% significance level. The supervised factor
model offers better forecasts relative to unsupervised ones for most targets. The
model forecasts particularly well the federal funds rate (FFR). The improvements
over unsupervised factor models 7, 8, and 9, are particularly marked for this variable;

(ii) 2 factors. In most cases the supervised factor model delivers forecasts similar to or
better than the other methods. In more than 51% of the cases the model performs
better than the competing ones, in 36% of which the differences are statistically
significant at α = 10% significance level, in 23% equally well and in roughly 26%
of the cases it performs worse, in 15% of which the differences are statistically
significant at the α = 10% significance level. The supervised factor model forecasts
particularly well the federal funds rate (FFR);

(iii) 3 factors. In most cases the supervised factor model delivers forecasts similar to or
better than the other methods. In more than 60% of the cases the model performs
better than the competing ones, in 33% of which the differences are statistically
significant at the α = 10% significance level, in 20% equally well and in roughly
20% of the cases it performs worse, in 17% of which the differences are statistically
significant at the α = 10% significance level. The supervised factor model forecasts
particularly well the unemployment rate (UR), personal income (PEI), and real
disposable income (RDI). Improvements over the unsupervised models 7, 8, and 9
are particularly clear for UR and RDI.

The indirect MA(q) process is hard to beat in forecasting inflation measures and the
federal funds rate at lead h = 1. For the rest of variables/leads the supervised factor
model performs well. The supervised factor model (model 10) performs well in forecasting
unemployment rate, real disposable income, and the federal funds rate. These findings
are somewhat similar to the ones in Stock and Watson (2002b), in which it was found
that the factors have more predictive power for real variables rather than for inflation
measures. The results are robust to the choice of sample split as can be seen from tables
1-9.

In table 10, in Appendix A, are reported the ratios between the variance of the
contribution to the filtered factors of the forecast target and the total variance of the
filtered factors, equation (19), for all variables. We notice a positive relation between
the value of this ratio and the forecast performance of the supervised factor model. For
example CPI has a much lower impact on the filtered factors compared to FFR and UR. A
possible interpretation is that the forecast objectives which influence more the extraction
of the unobserved factors benefit more from the supervised framework. This suggests that
the supervised factors may contain additional information with respect to unsupervised
ones.

From tables 1-9 it remains unclear what the best number of factors is, in terms of
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forecasting performance. The best number of factors seems to change with the forecast
target and sample split.

6 Simulations

We perform two simulation experiments according to two different data generating pro-
cesses (hereafter DGPs). We simulate a state-space system according to equations (1)
with different loading coefficients:

case 1 discrete cosine basis as loadings, equation (2);

case 2 random loadings, generated as independent draws from a normal distribution
N(0, 1).

In both cases, the state vector follows a three dimensional, stable VAR(1). The first two
components of the state vector ft,1 and ft,2, are treated as latent factors whereas the
third component ft,3, is regarded as the forecast objective. We simulate the system under
different correlations between the factors and the forecast objective, namely ρf1,y and ρf2,y,
by restricting the unconditional variance-covariance matrix of the state vector. For pairs of
indexes {i; j} = {1; 2} and {i; j} = {2; 1} we fix the correlations ρfi,y = 0.5 and ρfi,fj = 0.1
and let ρfj ,y ∈ {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9}. We then compute forecasts using
models 8, 9, and 10 previously defined and reported again here for convenience:

model 8. Unsupervised factor model (25) and (26) with discrete cosine basis factor
loadings, eqn. (2);

model 9. Unsupervised factor model as in Section 2.2 with discrete cosine basis
factor loadings, eqn. (2);

model 10. Supervised factor model as in eqn. (1) with discrete cosine basis factor
loadings (2).

The complete sample size in the simulations is T = 600, the rolling window has size
R = 289, and the number of forecasts is S = 300.

6.1 Simulations results

In this subsection we present results relative to the simulation exercise. The mean square
prediction error ratios between forecasts from the supervised model and the competing
models can be found in tables 11-12 in Appendix A. The supervised factor model corre-
sponds to equations (1) with discrete cosine basis as loadings, equation (2). Looking at
tables 11 and 12, we can make the following remarks divided according to the DGP and
correlations.

I discrete cosine basis loadings

(i) varying ρf1,y and fixed ρf2,y. In around 50% of the cases the supervised
factor model performs better than the unsupervised counterparts (in 34% of
which the difference is statistically significant at the α = 0.10 significance
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level), in 30% of the cases it delivers the same forecasting performance as
the other two methods and in the remaining 20% of cases it delivers slightly
worse forecasts (in 11% of which the difference is statistically significant at the
α = 0.10 significance level);

(ii) varying ρf2,y and fixed ρf1,y. In around 60% of the cases the supervised
factor model performs better than the unsupervised counterparts (in 30% of
which the difference is statistically significant at the α = 0.10 significance
level), in 25% of cases it delivers the same forecast performance as the other two
methods and in the remaining 15% of cases it delivers slightly worse forecasts
(in 21% of which the difference is statistically significant at the α = 0.10
significance level).

II random loadings

(i) varying ρf1,y and fixed ρf2,y. In around 58% of the cases the supervised
factor model performs better than the unsupervised counterparts (in 34% of
which the difference is statistically significant at the α = 0.10 significance
level), in 19% of cases it delivers the same forecast performance as the other two
methods and in the remaining 23% of cases it delivers slightly worse forecasts
(in 42% of which the difference is statistically significant at the α = 0.10
significance level);

(ii) varying ρf2,y and fixed ρf1,y. In around 75% of the cases the supervised
factor model performs better than the unsupervised counterparts (in 28% of
which the difference is statistically significant at the α = 0.10 significance
level), in 15% of cases it delivers the same forecast performance as the other two
methods and in the remaining 10% of cases it delivers slighly worse forecasts
(in 11% of which the difference is statistically significant at the α = 0.10
significance level).

Furthermore, we notice that even with moderate levels of correlation between the forecast
objective and the factors, the supervised specification delivers on average better forecasts
with respect to the unsupervised counterparts.

7 Conclusions

In this paper we study the forecasting properties of a supervised factor model. In this
framework the factors are extracted conditionally on the forecast target. The model has
a linear state-space representation and standard Kalman filtering techniques can be used.
Under this setup, we propose a way to measure the contribution of the forecast objec-
tive on the extracted factors that exploits the Kalman filter recursions. In particular, we
compute the contribution of the forecast target to the variance of the filtered factors and
find a positive correspondence between this quantity and the forecast performance of the
supervised scheme.

We assess the forecast performance of the supervised factor model with a simulation
study and an empirical application. The simulated data are generated according to differ-
ent levels of correlation between the forecast objective and the factors. In the simulations

18



experiment, we find that if the forecast objective is correlated with the factors the super-
vised factor model improves, on average, forecast performance compared to unsupervised
schemes.

In the empirical application the supervised FM is used to forecast macroeconomic
variables using factors extracted from a large number of predictors. The macroeconomic
data are taken from the Jurado, Ludvigson and Ng dataset and FRED. We estimate the
model considering one, two, and three factors. We forecast consumer price index (CPI),
the federal funds rate (FFR), personal consumption expenditures deflator (PCEd), the
producer price index (PPI), personal income (PEI), the unemployment rate (UR), in-
dustrial production (IP), the real disposable income (RDI), and personal consumption
expenditures (PCE) relative to the US economy.

We find that supervising the factor extraction can improve forecasting performance
compared to unsupervised factor models and other popular multivariate and univariate
forecasting models. For this dataset and specification the supervised factor model out-
performs partial least squares regressions and principal components regressions on most
targets. In forecasting inflation, both measured by consumer price index and producer
price index, MA(q) processes are difficult to beat whereas the supervised factor model
performs particularly well in forecasting the federal funds rate, the unemployment rate,
and real disposable income. These findings are similar to the ones in Stock and Watson
(2002b), in which it was found that the factors have more predictive power for real vari-
ables rather than for inflation measures.

We find that variables which contribute more to the variance of the filtered states,
i.e. a higher r

j,n
t , equation (19), are the ones which benefit more from the supervised

framework and vice versa. Furthermore, supervising the factor extraction leads in most
cases to improved forecasts, compared to unsupervised two-step forecasting schemes.
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Appendices

A Tables

In this section we report mean square forecast errors (MSFE) ratios corresponding to the
empirical application (see Section 5) and the simulation exercise (see Section 6). The
results relative to the empirical application correspond to MSFE ratios between model
10 and the competing models (see Section 5 for the description of the different models
involved) and are contained in tables 1-9. We consider different subsamples of the dataset
and estimate the factor models using 1, 2, and 3 factors. The results relative to the
simulation exercise correspond to MSFE ratios between model 10 and models 8 and 9
and are contained in tables 11-12. We estimate the factor models using 2 factors. In the
tables below, three, two, and one stars refer to significance levels 0.01, 0.05, and 0.10 for
the null hypothesis of equal conditional predictive ability for the Giacomini and White
(2006) test. In table 10 are reported the ratios between the variance of the contribution
to the filtered factors of the forecast target and the total variance of the filtered factors,
equation (19), for all variables.



Table 1: MSFE ratios for whole forecast sample (1 factor).

h mod 1 mod 2 mod 3 mod 4 mod 5 mod 6 mod 7 mod 8 mod 9

1 0,98 1,04 1,11 1,34* 1,11 1,34* 0,99 0,94 0,99

3 0,98 0,9 0,99 0,99 0,96 1,01 0,99 0,99 0,99

CPI 6 0,99 0,82** 0,99 0,95 1 1 0,99 1 0,99

9 0,98 0,79** 1,01 1,01 1 1 0,98 1 0,98

12 1,02 0,83*** 1,01 1,01 1 1 1,02 1 1,02

1 0,78*** 0,47*** 0,95 1 0,95 1 1,11 1,03 0,98***
3 0,75*** 0,32*** 0,68*** 0,65*** 0,73*** 0,79** 0,82 0,94 0,85**

FFR 6 0,72*** 0,26*** 0,89** 0,87*** 0,94* 0,92** 0,83 0,97 0,85***
9 0,86 0,37*** 1,02 1,03 0,97*** 0,98*** 0,98 0,99 1
12 0,75*** 0,37*** 0,91** 0,92* 0,99 0,99 0,87 1 0,89***

1 0,94** 0,99 1,15 1,31* 1,15 1,31* 0,99 0,91* 1
3 1 0,91 0,99 0,99 0,98 1 0,99 0,98 0,99

PCEd 6 0,99 0,83*** 0,99 0,99 0,99* 1 0,99 1 0,99

9 0,99 0,87 1,01 1 1 1 1 1 1
12 1 0,85*** 0,97 0,97** 1 1 0,98 1 0,97

1 0,91** 0,88 1,1 1,27** 1,1 1,27** 1 0,79*** 1
3 0,98 0,85*** 0,97 0,97 0,98 1 0,98 0,98 0,98

PPI 6 0,99 0,82 1 1 1,01 1 1 1 1
9 0,99 0,79 0,97 0,97 1 1 0,98 1 0,98

12 1,04 0,9* 1,05 1,03 1 1 1 1 1

1 1,03 0,95 0,94* 0,94** 0,94* 0,94** 1,04 1,03 1
3 1,02 0,92 0,96** 0,95** 0,97* 0,97* 1,03 1,01 1,02

PEI 6 1,01 0,89* 0,99*** 0,99*** 0,99** 0,99** 1,02 1 1,02
9 1 0,91** 0,97 0,96 1 1 1,01 1 1,01
12 0,99 0,84 0,97 0,98 1 1 0,98 1 0,97

1 0,97 1,02 0,9 0,85* 0,9 0,85* 1,06 0,66*** 1
3 1,04 1,01 0,99 0,94** 0,99 0,92** 1,05 0,77*** 1,06

UR 6 1,05 0,83 0,96 0,99 0,99 0,95** 1,05 0,92** 1,05
9 1,03 0,89 0,95 1 0,99 0,98* 0,99 0,97* 1,01
12 0,98*** 0,82 0,96** 0,95** 0,99 1** 0,94 0,99** 0,95**

1 0,92* 0,99 0,9 0,87 0,9 0,87 0,97 0,94 0,99***
3 1,05 0,98 1,08 1,07 1,06 0,97 1,04 0,96 1,02

IP 6 1,02 0,93 1,01 1,02 1 0,98 0,98 0,99 0,99

9 0,96 0,89* 0,99 0,98 0,99 0,99 0,95 0,99 0,95**
12 0,97 0,82** 0,97** 0,98*** 0,99 1 0,95 1 0,95

1 0,96 0,8*** 0,99 1,01 0,99 1,01 1,01 0,95 1
3 0,99 0,82*** 0,99 0,99 0,98 0,99 1 1 1*

RDI 6 0,99 0,78** 0,99 0,99 1 1 1 1 1
9 0,99 0,87*** 1 1 1 1 1,01 1 1,01
12 1 0,85*** 1 1 1 1 1 1 1

1 0,63*** 1,01 1,38** 1,72*** 1,38** 1,72*** 0,99 0,58*** 1
3 1,05 0,84** 1,04 1,04 0,99 1,06 1,03 1,05 1,03

PCE 6 0,99 0,75*** 0,99 0,99 0,99 1 0,99 1 0,99

9 0,98 0,68*** 1,01 1 1 1 1 1 1
12 0,97 0,75*** 1,01 1,01 1 1 1,01 1 1,01

Jurado et al. (2013) dataset. MSFE ratios between model 10 and competing models for CPI, FFR, PCEd,
PPI, PEI, UR, IP, RDI, and PCE for forecasting leads h. A value lower than one indicates a lower MSFE
of model 10 w.r.t. the competing models. One, two, and three stars mean .10, .05, and .01 statistical
significance, respectively, for the Giacomini and White (2006) test with quadratic loss function. Number
of forecasts is S = 300. The number of factors in the methods involving factor models is 1. The 1-step
ahead forecasts range from February 1986 to January 2011. The 12-step ahead forecasts range from
January 1987 to December 2011.



Table 2: MSFE ratios for first half of forecast sample (1 factor).

h mod 1 mod 2 mod 3 mod 4 mod 5 mod 6 mod 7 mod 8 mod 9

1 0,96* 0,92 1,05 1,14 1,05 1,14 0,99 0,92 1
3 0,99* 0,74*** 1 0,99 0,98 1,01* 0,99 1 1

CPI 6 1,01 0,63** 1 1 1 1 1 1 1
9 0,99 0,66*** 1 1,01 1 1 1,01 1 1,01
12 1,01 0,62*** 1,01 1 1 1 1 1 1

1 0,84 0,47*** 0,9 0,92 0,9 0,92 1,09* 1,06 1
3 0,79** 0,32*** 0,74** 0,73** 0,77* 0,81 0,91 0,94 0,94

FFR 6 0,74 0,32*** 0,89* 0,88* 0,94* 0,94* 0,94 0,97 0,95

9 0,91 0,51** 1,02 1,02 0,98*** 0,98** 1,07 0,99*** 1,07
12 0,77 0,39*** 0,93 0,93 0,99 0,99 0,91 0,99 0,93

1 0,92* 1 1,15** 1,3*** 1,15** 1,3*** 0,99 0,89*** 1
3 1,01** 0,93 0,98** 0,99** 0,98 1,01 0,98 1,01 0,98*

PCEd 6 1 0,74*** 0,96 0,96 1 1* 0,96 1 0,96

9 1 0,84 1,01 1,01 1 1 1,01 1 1,01
12 1 0,75*** 1 1 1 1 1 1 0,99

1 0,99 0,85 1 1,2 1 1,2 1 0,9 1
3 0,99 0,7*** 0,92* 0,92 0,94 0,99 0,97 0,99* 0,97

PPI 6 1,01 0,79** 0,96 0,95 1 1 0,96 1 0,96

9 1 0,75*** 0,94 0,95 1 1 0,99 1 0,99

12 0,97 0,7 0,99** 0,99** 1* 1 0,99 1 0,99*

1 1 0,91 0,96 0,97 0,96 0,97 1,01 1,01 1
3 1 0,98 0,98 0,98 0,99 0,99 1 1 1

PEI 6 0,99 0,94*** 0,99*** 0,99*** 0,99*** 0,99*** 1 1** 1
9 0,98 0,94 0,96 0,95 1 1 0,98 1 0,99

12 1 0,96*** 0,99 1,02 1 1 1,04 1 1,03

1 0,95 0,97 0,91 0,92* 0,91 0,92* 1,02 0,85 1
3 0,98 1 1,01 1 1,03 0,99* 1 0,92 1

UR 6 1,01* 0,91 1 0,99 1,01 0,98* 1,02** 0,97* 1,01**
9 1,06 0,93 1 1 1,01 1 1,01 1 1
12 1,01** 0,83 0,95*** 0,92** 1 1* 0,95*** 1** 0,94**

1 0,96 0,95 0,89 0,93 0,89 0,93 0,96 1,02 0,97**
3 1,07* 0,79*** 1,04 1,02 1,01 1 1 0,99 0,97

IP 6 1,03 0,82* 1 1 1 0,99 1 1 0,96*
9 0,98 0,8** 1,02** 1,01*** 1 1 1,02* 1 0,98

12 1,05 0,78*** 0,99** 0,98*** 1 1 1,01 1 1

1 0,93 0,86*** 0,99 0,99 0,99 0,99 1 0,93 1
3 1 0,91 0,99 0,99 1 0,99 0,99 1 0,99

RDI 6 0,99 0,82*** 1 1 1 1 1 1 1,01
9 1 0,92* 1 1 1* 1** 1 1* 1**
12 0,99 0,88*** 1 1 1 1 1 1 1

1 0,67 1,15 1,32 1,72*** 1,32 1,72*** 0,99* 0,59* 1
3 1,08 0,97 1,03 1,03 0,96 1,07 1,03 1,08 1,03

PCE 6 1 0,85*** 0,99 0,98 1* 1 0,99 1 0,99

9 0,99 0,83** 1,02 1** 1 1 1** 1 1
12 0,99 0,84*** 1,02 1,03 1* 1 1,02 1* 1,02

Jurado et al. (2013) dataset. MSFE ratios between model 10 and competing models for CPI, FFR, PCEd,
PPI, PEI, UR, IP, RDI, and PCE for forecasting leads h. A value lower than one indicates a lower MSFE
of model 10 w.r.t. the competing models. One, two, and three stars mean .10, .05, and .01 statistical
significance, respectively, for the Giacomini and White (2006) test with quadratic loss function. Number
of forecasts is S′ = 150 (the first half of the S = 300 out-of-sample forecasts). The number of factors in
the methods involving factor models is 1. The 1-step ahead forecasts range from February 1986 to July
1998. The 12-step ahead forecasts range from January 1987 to June 1999.



Table 3: MSFE ratios for second half of forecast sample (1 factor).

h mod 1 mod 2 mod 3 mod 4 mod 5 mod 6 mod 7 mod 8 mod 9

1 0,99 1,07 1,13 1,4 1,13 1,4 0,99 0,95 0,99

3 0,98 0,95 0,99 0,99 0,96 1,01 0,98 0,98 0,99

CPI 6 0,98 0,89* 0,99 0,94 1 1 0,99 1 0,99

9 0,98 0,83 1,01 1,01 1 1 0,98*** 1 0,98**
12 1,02 0,91*** 1,01 1,02 1 1 1,03 1 1,03

1 0,72** 0,47*** 1,03 1,14 1,03 1,14 1,14 0,99 0,97***
3 0,69*** 0,32*** 0,62** 0,57** 0,69* 0,77 0,72** 0,94 0,77**

FFR 6 0,69*** 0,21*** 0,9 0,85** 0,94 0,9 0,71** 0,97 0,74**
9 0,81 0,27* 1,01 1,05 0,97 0,98 0,9 1 0,92

12 0,73*** 0,36*** 0,89 0,91 1 1 0,83** 1,01* 0,84**

1 0,95 0,99 1,15 1,31 1,15 1,31 0,99* 0,92 0,99

3 0,99 0,9 1 1 0,98 0,99 0,99 0,97 0,99

PCEd 6 0,99 0,87* 1,01 1,01 0,98* 1 1 1 1
9 0,98* 0,88 1,01 1 1 1 1 1 1
12 1,01 0,91 0,95 0,95** 1* 1 0,97 1 0,97*

1 0,9** 0,89 1,13 1,29* 1,13 1,29* 0,99 0,76*** 0,99

3 0,98 0,89* 0,98 0,98 0,99 1 0,99 0,98 0,98

PPI 6 0,98 0,82 1,01 1,01 1,01 1 1 1 1
9 0,99 0,8 0,97 0,98 1 1 0,98 1 0,97

12 1,06 0,95 1,06 1,04 1 1 1 1 1

1 1,08 1,01 0,91 0,9 0,91 0,9 1,08 1,06 1,01
3 1,04 0,85 0,92* 0,92* 0,94* 0,94* 1,08 1,03 1,05

PEI 6 1,04 0,82 0,98** 0,98** 0,98 0,98 1,05 1,01 1,04
9 1,03 0,87** 0,98 0,98 0,99 0,99 1,05* 1 1,04**
12 0,99 0,72 0,93 0,92 1 1 0,91 1 0,91

1 1 1,07 0,88 0,79* 0,88 0,79* 1,11 0,53*** 1
3 1,1 1,02 0,98 0,9*** 0,95** 0,87** 1,1 0,68** 1,11

UR 6 1,07 0,78 0,94 0,99 0,98 0,93** 1,07 0,88** 1,09
9 1,01 0,86 0,92 0,99 0,98** 0,97* 0,98 0,95* 1,02
12 0,95* 0,81 0,97 0,97 0,99 0,99* 0,94 0,99* 0,95

1 0,9* 1,01 0,9 0,84 0,9 0,84 0,98 0,9 1
3 1,04 1,13 1,11 1,09 1,09 0,96 1,06 0,95 1,05

IP 6 1,01 1 1,02 1,03 1,01 0,97 0,97 0,99 1
9 0,95 0,94 0,98* 0,97* 0,98 0,99 0,92*** 0,99 0,94**
12 0,94* 0,85 0,97* 0,97 0,98 1 0,93 1 0,93

1 0,98 0,75** 1 1,03 1 1,03 1,01 0,96 1
3 0,99 0,76** 1 1 0,97 0,99 1,01 1 1,01*

RDI 6 0,99 0,75 0,99 0,99 0,99 1 1 1,01 1
9 0,98 0,83*** 1,01 1,01 1 1 1,02 1 1,02
12 1 0,83*** 1 0,99 1 1 0,99 1 1

1 0,56** 0,85 1,48** 1,71** 1,48** 1,71** 1 0,56* 1,01
3 1,01 0,69** 1,05 1,05 1,03 1,04 1,04 1 1,04

PCE 6 0,97 0,63*** 0,99 0,99 0,99 0,99 0,99 0,99 0,99

9 0,97 0,53*** 1 1 1* 1 1 1 1
12 0,95 0,67*** 1 1 1 1 1 1 0,99

Jurado et al. (2013) dataset. MSFE ratios between model 10 and competing models for CPI, FFR, PCEd,
PPI, PEI, UR, IP, RDI, and PCE for forecasting leads h. A value lower than one indicates a lower MSFE
of model 10 w.r.t. the competing models. One, two, and three stars mean .10, .05, and .01 statistical
significance, respectively, for the Giacomini and White (2006) test with quadratic loss function. Number
of forecasts is S′ = 150 (the second half of the S = 300 out-of-sample forecasts). The number of factors in
the methods involving factor models is 1. The 1-step ahead forecasts range from August 1998 to January
2011. The 12-step ahead forecasts range from July 1999 to December 2011.



Table 4: MSFE ratios for whole forecast sample (2 factors).

h mod 1 mod 2 mod 3 mod 4 mod 5 mod 6 mod 7 mod 8 mod 9

1 0,98 1,04 1,12 1,34* 1,12 1,34* 0,99 0,99 1
3 0,98 0,9 0,99* 0,99* 0,96 1 0,97 1 0,98*

CPI 6 0,99 0,82** 0,99 0,95 1 1 0,98 1 0,99

9 0,98 0,79** 1,01 1,01 1 1 0,98 1 0,97

12 1,02 0,83*** 1,01 1,01 1 1 1,03 1 1,02

1 1,37*** 0,83 1,66*** 1,75*** 1,66*** 1,75*** 1,88 1,68*** 1
3 0,78*** 0,33*** 0,71*** 0,67*** 0,76*** 0,82** 0,81 0,91 0,84***

FFR 6 0,74*** 0,27*** 0,92* 0,89*** 0,97* 0,95** 0,83 0,97* 0,84***
9 0,87 0,37*** 1,03 1,04 0,98*** 0,99*** 0,96 0,99*** 0,93

12 0,75*** 0,37*** 0,91** 0,92* 1 1 0,85 1 0,86***

1 0,94 0,99 1,15 1,31* 1,15 1,31* 1 0,95 1
3 1 0,91 0,99 1 0,98 1 0,99 1 0,98

PCEd 6 0,99 0,83*** 0,99 0,99 0,99* 1 0,99 1 1
9 0,99 0,87 1,01 1 1 1 1 1 0,99

12 1 0,85*** 0,97 0,97** 1 1 0,98 1 0,97

1 0,92* 0,89 1,11 1,28** 1,11 1,28** 1,01 0,84*** 0,99

3 0,98 0,85*** 0,98 0,98 0,98 1 0,97 1 0,99

PPI 6 0,99 0,82 1 1 1,01 1 0,99 1 0,99

9 0,99 0,79 0,97 0,97 1 1 0,98 1 0,98

12 1,04 0,9* 1,05 1,03 1 1 1,02 1 1,02

1 1 0,92 0,91 0,91 0,91 0,91 1,01 0,96 1
3 1,02 0,93 0,96* 0,96** 0,97 0,97 1,02 1,03 1,02

PEI 6 1,02 0,89 0,99*** 0,99*** 0,99* 0,99* 1,01 1,01 1,01
9 1 0,91** 0,97 0,97 1 1 1,01 1 1,01
12 1 0,84 0,97 0,98 1 1 0,97 1 0,98

1 0,98 1,02 0,9 0,85* 0,9 0,85* 1,04 0,56*** 0,99

3 1,06 1,03 1,02 0,97** 1,01 0,94* 1,09 0,75*** 1,07
UR 6 1,06 0,84 0,98 1,01 1,01 0,97** 1,05 0,93** 1,06

9 1,04 0,9 0,96 1,01 1 0,99** 1,02 0,98** 0,99

12 0,98*** 0,82 0,96** 0,95** 1 1** 0,95 0,99** 0,95**

1 0,94 1,01 0,92 0,89 0,92 0,89 0,99 1 0,95***
3 1,05 0,98 1,08 1,06 1,06 0,97 1,04 0,98 1,01

IP 6 1,04 0,95 1,03 1,04 1,02 1 1,01 1,01 0,98

9 0,99 0,93* 1,03 1,02 1,03 1,03 0,98 1,03 1
12 1,01 0,86** 1,01 1,02 1,03 1,04 0,99 1,04 0,99

1 0,95 0,79*** 0,99 1,01 0,99 1,01 1 0,97 1
3 0,99 0,82*** 0,99 0,99 0,98 0,99 1 0,99 0,98

RDI 6 0,99 0,78** 0,99 0,99 1 1 0,98 1 0,99

9 0,99 0,87*** 1 1 1* 1 1 1 1
12 1 0,85*** 1 1 1 1 0,99 1 1

1 0,63*** 1,02 1,39** 1,74*** 1,39** 1,74*** 1 0,63** 1
3 1,05 0,83** 1,03 1,03 0,98 1,05 1,03 1,05 1,02

PCE 6 0,99 0,75*** 0,99 0,99 0,99* 1 0,99 1 0,97

9 0,98 0,68*** 1,01 1 1 1 0,98 1 1
12 0,97 0,75*** 1,01 1,02 1 1 1,01 1 0,99

Jurado et al. (2013) dataset. MSFE ratios between model 10 and competing models for CPI, FFR, PCEd,
PPI, PEI, UR, IP, RDI, and PCE for forecasting leads h. A value lower than one indicates a lower MSFE
of model 10 w.r.t. the competing models. One, two, and three stars mean .10, .05, and .01 statistical
significance, respectively, for the Giacomini and White (2006) test with quadratic loss function. Number
of forecasts is S = 300. The number of factors in the methods involving factor models is 2. The 1-step
ahead forecasts range from February 1986 to January 2011. The 12-step ahead forecasts range from
January 1987 to December 2011.



Table 5: MSFE ratios for first half of forecast sample (2 factors).

h mod 1 mod 2 mod 3 mod 4 mod 5 mod 6 mod 7 mod 8 mod 9

1 0,94 0,9 1,03 1,12 1,03 1,12 0,97 0,94 1
3 0,99* 0,74*** 1 0,98 0,98 1 0,99** 1,01 0,98

CPI 6 1,01 0,63** 1 1 1 1 1 1 0,99

9 0,99 0,66*** 1 1,01 1 1 1 1 0,98

12 1,01 0,62*** 1,01 1 1 1 1 1 1,01

1 1,34** 0,75* 1,43** 1,47*** 1,43** 1,47*** 1,75*** 1,59*** 1,01
3 0,81** 0,33*** 0,76** 0,74** 0,79** 0,83* 0,89 0,91 0,93

FFR 6 0,76 0,33*** 0,91 0,9* 0,96* 0,96* 0,92 0,98* 0,93

9 0,92 0,51** 1,03 1,03 0,99*** 0,99** 1,08 0,99*** 1,01
12 0,77 0,39*** 0,94 0,93 0,99 0,99 0,87 0,99 0,91

1 0,92* 1 1,14** 1,29*** 1,14** 1,29*** 0,99 0,9*** 1
3 1,01** 0,93 0,98** 0,99* 0,98 1,01 0,98 1,01** 0,98

PCEd 6 1 0,74*** 0,96 0,96 1 1* 0,96 1 0,96

9 1 0,84 1,01 1,01 1 1 1,01 1 1,01
12 1 0,75*** 1 1 1 1 1 1** 0,99

1 0,99 0,85* 0,99 1,19 0,99 1,19 1,01 0,94 0,99

3 1 0,71*** 0,93 0,93 0,96 1 0,98 1 0,97

PPI 6 1,01 0,79** 0,96 0,95 1 1 0,96 1 0,96

9 1 0,75*** 0,94 0,95 1 1 0,99 1 0,99

12 0,97 0,7 0,99** 0,99** 1 1 0,99 1 0,94

1 1 0,91 0,95 0,96 0,95 0,96 1 0,98 1
3 1 0,99 0,99 0,99 1 1 1,01 1 0,99

PEI 6 0,99 0,94*** 0,99*** 0,99*** 1*** 1*** 0,98 1* 1
9 0,98 0,94 0,96 0,95 1 1 0,99 1 0,98

12 1 0,96*** 0,99 1,02 1 1 1 1 1,03

1 0,97 0,99 0,93 0,94 0,93 0,94 1,03 0,78* 1
3 0,98 1 1,02 1 1,04 0,99* 1 0,9* 1,01

UR 6 1,02* 0,91 1,01 0,99 1,01 0,98** 1,01** 0,97** 1,01*
9 1,06 0,93 1,01 1,01 1,01 1 1,09 1 0,95

12 1,01** 0,83 0,95*** 0,92** 1 1 0,98*** 1* 0,94***

1 0,95 0,94 0,88 0,92 0,88 0,92 0,95 1,03 0,96**
3 1,08* 0,8*** 1,05 1,03 1,02 1,02 1,06 1,02 0,98

IP 6 1,03 0,82* 1 1 1 0,99* 1,01 1 0,97

9 0,97 0,8** 1,02* 1,01** 1 1 1,01 1 0,98

12 1,05 0,78*** 0,99* 0,98** 1 1 1,05 1 1,02

1 0,93 0,86*** 0,99 0,99 0,99 0,99 0,99 0,94 1
3 1 0,91 0,99 0,99 1 0,99 0,99 1 0,96

RDI 6 0,99 0,82*** 1 1 1 1 1 1 1
9 1 0,92* 1 1 1* 1** 1 1* 1,01
12 0,99 0,88*** 1 1 1 1 0,99 1 1,01

1 0,68 1,17 1,34 1,75*** 1,34 1,75*** 1,01** 0,65 0,99**
3 1,07 0,97 1,02 1,03 0,96 1,06 1,02 1,07 1,03

PCE 6 1,01 0,85*** 0,99 0,98 1* 1 0,99 1 0,99

9 0,99 0,83** 1,02 1** 1 1 0,99*** 1 1
12 0,99 0,84*** 1,02 1,03 1 1 1,01 1 1

Jurado et al. (2013) dataset. MSFE ratios between model 10 and competing models for CPI, FFR, PCEd,
PPI, PEI, UR, IP, RDI, and PCE for forecasting leads h. A value lower than one indicates a lower MSFE
of model 10 w.r.t. the competing models. One, two, and three stars mean .10, .05, and .01 statistical
significance, respectively, for the Giacomini and White (2006) test with quadratic loss function. Number
of forecasts is S′ = 150 (first half of the S = 300 out-of-sample forecasts). The number of factors in the
methods involving factor models is 2. The 1-step ahead forecasts range from February 1986 to July 1998.
The 12-step ahead forecasts range from January 1987 to June 1999.



Table 6: MSFE ratios for second half of forecast sample (2 factors).

h mod 1 mod 2 mod 3 mod 4 mod 5 mod 6 mod 7 mod 8 mod 9

1 1 1,08 1,14 1,41 1,14 1,41 1 1,01 0,99

3 0,97 0,95 0,99 0,99 0,96 1 0,96 1 0,98

CPI 6 0,98 0,89* 0,99 0,94 1 1 0,98 1 0,99

9 0,98 0,83 1,01 1,01 1 1 0,98* 1 0,97***
12 1,02 0,91*** 1,01 1,02 1* 1 1,03 1 1,02

1 1,4** 0,92 2,01*** 2,23*** 2,01*** 2,23*** 2,06*** 1,8*** 0,99**
3 0,73*** 0,33*** 0,65** 0,6** 0,73* 0,82 0,73** 0,92 0,76***

FFR 6 0,71** 0,22*** 0,93 0,88** 0,97 0,93 0,73** 0,97 0,74***
9 0,82 0,27* 1,02 1,06 0,98* 0,98* 0,84 1 0,85

12 0,73*** 0,36*** 0,89 0,91 1 1* 0,82*** 1,01 0,82***

1 0,95 0,99 1,15 1,31 1,15 1,31 1 0,97 1
3 1 0,9 1 1 0,98 1 0,99 1 0,98

PCEd 6 0,99 0,87* 1,01 1,01 0,98* 1 1,01 1 1,01
9 0,98* 0,88 1,01 1 1 1 0,99 1 0,99*
12 1,01 0,91 0,95 0,95** 1* 1** 0,98 1 0,97

1 0,91* 0,9 1,15 1,31* 1,15 1,31* 1,01 0,81** 0,99

3 0,98 0,89* 0,98 0,99 0,99 1 0,97 1 0,99

PPI 6 0,98 0,82 1,01 1,01 1,01 1 1 1 1
9 0,99 0,8 0,97 0,98 1 1 0,98 1 0,97

12 1,06 0,95 1,06 1,04 1 1 1,03 1 1,04

1 1 0,94 0,84 0,83 0,84 0,83 1,03 0,95 1
3 1,04 0,85 0,92* 0,92* 0,94* 0,94* 1,05 1,06 1,07

PEI 6 1,05 0,83 0,99** 0,99** 0,99 0,99 1,05 1,02 1,03
9 1,03 0,87* 0,98 0,98 1 1 1,04 1,01 1,05**
12 0,99 0,72 0,93 0,92 1 1 0,92 1 0,93

1 0,99 1,06 0,87 0,78* 0,87 0,78* 1,06 0,43*** 0,99

3 1,15 1,06 1,02 0,94*** 0,99 0,91** 1,17 0,67** 1,12
UR 6 1,1 0,8 0,96 1,02 1 0,95** 1,08 0,9** 1,1

9 1,02 0,87 0,93 1,01 0,99 0,98* 0,97 0,96** 1,03
12 0,96 0,82 0,97 0,97 0,99 1* 0,93** 0,99* 0,96

1 0,94 1,06 0,94 0,87 0,94 0,87 1,01** 0,98 0,94***
3 1,03 1,12 1,1 1,08 1,08 0,95 1,03 0,96 1,03

IP 6 1,04 1,03* 1,05 1,06 1,04 1 1,01 1,02 0,99

9 1 1* 1,03 1,02 1,04 1,05 0,97 1,05 1
12 1 0,9 1,03 1,03 1,04 1,06 0,97 1,06 0,97

1 0,98 0,74** 0,99 1,02 0,99 1,02 1,01 0,99 1
3 0,99 0,76** 0,99 0,99 0,97 0,99 1 0,99 1,01

RDI 6 0,99 0,75 0,99 0,99 0,99 1 0,97 1 0,99

9 0,98 0,83*** 1,01 1,01 1* 1 1,01 1 0,99

12 1 0,83** 1 1 1 1 1 1 0,99

1 0,56** 0,85 1,48** 1,71* 1,48** 1,71* 1 0,61 1
3 1 0,68** 1,04 1,04 1,03 1,04 1,04 1,04 1,01

PCE 6 0,96 0,63*** 0,99 0,99 0,98 0,99 0,99 0,99 0,95

9 0,97 0,53*** 1 1 1 1 0,97 1 0,99

12 0,95 0,67*** 1 1 1 1 1,01 1 0,99

Jurado et al. (2013) dataset. MSFE ratios between model 10 and competing models for CPI, FFR, PCEd,
PPI, PEI, UR, IP, RDI, and PCE for forecasting leads h. A value lower than one indicates a lower MSFE
of model 10 w.r.t. the competing models. One, two, and three stars mean .10, .05, and .01 statistical
significance, respectively, for the Giacomini and White (2006) test with quadratic loss function. Number
of forecasts is S′ = 150 (second half of the S = 300 out-of-sample forecasts). The number of factors in
the methods involving factor models is 2. The 1-step ahead forecasts range from August 1998 to January
2011. The 12-step ahead forecasts range from July 1999 to December 2011.



Table 7: MSFE ratios for whole forecast sample (3 factors).

h mod 1 mod 2 mod 3 mod 4 mod 5 mod 6 mod 7 mod 8 mod 9

1 1 1,06 1,14 1,37** 1,14 1,37** 1 1,02 1,01
3 0,98 0,9 0,99 0,99 0,96 1 0,97 1 0,97

CPI 6 0,99 0,83** 1 0,95 1 1 0,99 1 0,99

9 0,98 0,79** 1,01 1,01 1 1 0,96 1 0,97

12 1,02 0,83*** 1,01 1,01 1 1 1,01 1 1,02

1 1,15 0,69** 1,39*** 1,47*** 1,39*** 1,47*** 1,32 1,61*** 0,98**
3 0,79** 0,34*** 0,72** 0,69** 0,78 0,84 0,83 1,06 0,94

FFR 6 0,71** 0,26*** 0,89 0,86 0,93 0,91 0,72 1,02 0,8***
9 0,85 0,36*** 1 1,02 0,96 0,96 0,92 1,02 0,92*
12 0,76** 0,38*** 0,92 0,94 1,01 1,01 0,78 1,03 0,9

1 0,93 0,98 1,13 1,29* 1,13 1,29* 1 0,94 1
3 1 0,91 0,99 0,99 0,98 1 0,98 1 0,98

PCEd 6 0,99 0,83*** 0,99 0,99 0,99 1 1 1 1*
9 0,99 0,87 1,01 1 1 1 0,99 1 1
12 1 0,85*** 0,97 0,97** 1* 1 0,99 1 0,98

1 0,93* 0,9 1,13 1,3** 1,13 1,3** 1,01 0,86** 1
3 0,98 0,85*** 0,98 0,98 0,98 1 0,97 1 0,98

PPI 6 0,99 0,82 1 1 1,01 1 0,99 1 0,99

9 0,99 0,79 0,97 0,97 1 1 0,98 1 0,97

12 1,04 0,9* 1,05 1,03 1 1 1,06 1 1,03

1 0,97 0,9** 0,88* 0,88* 0,88* 0,88* 0,99 0,97 1
3 0,99 0,9*** 0,93** 0,93** 0,95* 0,95* 1 1,02 0,99

PEI 6 0,99 0,87* 0,96** 0,96* 0,97** 0,97** 0,98 1,01 0,99*
9 0,99 0,9*** 0,96 0,96 0,99 0,99 0,99 1* 0,99

12 0,99 0,84 0,97 0,98 1 1 0,97 0,99 0,97

1 0,89*** 0,93 0,82*** 0,78*** 0,82*** 0,78*** 0,94 0,49*** 1,01
3 0,98 0,95 0,94** 0,89** 0,93 0,87** 0,99 0,6*** 0,99

UR 6 0,99 0,78 0,91** 0,94 0,94 0,9* 0,99 0,76** 0,98**
9 0,99 0,86 0,92* 0,96 0,95 0,94 1 0,85 0,91**
12 0,97*** 0,82 0,95* 0,94** 0,99 0,99 0,97 0,94* 0,94**

1 0,92*** 0,99 0,9 0,87 0,9 0,87 0,96 1 0,97**
3 1,06 0,99 1,09 1,07 1,07 0,98 1,07 1,01 1,02

IP 6 1,03 0,94 1,02 1,03 1,01 0,99 1,03 1,01 0,97

9 0,98 0,92 1,02 1,01 1,02 1,02 0,99 1,01 0,98

12 1 0,85** 1 1 1,02 1,03 0,99 1,01 0,96

1 0,94 0,78*** 0,98 1 0,98 1 0,99 0,96 1
3 0,99 0,82*** 0,99 0,99 0,98 0,99* 0,99 0,99 0,98

RDI 6 0,98 0,77** 0,99 0,99 0,99 0,99 0,97 0,99 0,98*
9 0,98 0,87*** 1 1 1 1 0,98 0,99 0,99

12 1 0,85*** 1 1 1 1 0,99 1 0,99

1 0,64*** 1,03 1,4*** 1,75*** 1,4*** 1,75*** 1 0,65** 0,99*
3 1,04 0,83** 1,03 1,03 0,98 1,05 1,02 1,05 1,01

PCE 6 0,99 0,75*** 0,99 0,99 0,99 1 0,97 1 0,97

9 0,98 0,68*** 1,01 1 1 1 0,98 1 0,99

12 0,97 0,75*** 1,01 1,01 1 1 0,98 1 0,98

Jurado et al. (2013) dataset. MSFE ratios between model 10 and competing models for CPI, FFR, PCEd,
PPI, PEI, UR, IP, RDI, and PCE for forecasting leads h. A value lower than one indicates a lower MSFE
of model 10 w.r.t. the competing models. One, two, and three stars mean .10, .05, and .01 statistical
significance, respectively, for the Giacomini and White (2006) test with quadratic loss function. Number
of forecasts is S = 300. The number of factors in the methods involving factor models is 3. The 1-step
ahead forecasts range from February 1986 to January 2011. The 12-step ahead forecasts range from
January 1987 to December 2011.



Table 8: MSFE ratios for first half of forecast sample (3 factors).

h mod 1 mod 2 mod 3 mod 4 mod 5 mod 6 mod 7 mod 8 mod 9

1 0,93 0,89 1,02 1,1 1,02 1,1 0,95* 0,92 0,99

3 0,99* 0,74*** 1 0,98 0,98 1 0,99** 1 0,98

CPI 6 1,01 0,63** 1* 1* 1 1 1,02 1 0,99

9 0,99 0,66*** 1 1,01 1 1 1 1 0,99

12 1,01 0,62*** 1,01 1 1 1 1 1 1

1 1,15 0,65*** 1,23 1,27 1,23 1,27 1,24** 1,49*** 0,98

3 0,8 0,33*** 0,75* 0,73* 0,78 0,82 0,85 0,98 1
FFR 6 0,68* 0,3*** 0,82 0,81 0,87 0,87 0,69* 0,94 0,86

9 0,84 0,47** 0,94 0,94 0,9* 0,9* 0,92 0,94 0,96

12 0,73* 0,37*** 0,88 0,88 0,94 0,94 0,75 0,96 0,88

1 0,9** 0,98 1,12** 1,27*** 1,12** 1,27*** 0,96* 0,88*** 0,97**
3 1,01** 0,93 0,98* 0,99* 0,98 1,01 0,97 1,01** 0,98

PCEd 6 1 0,74*** 0,96 0,96 1 1 0,97 1* 0,96

9 1 0,84 1,01 1,01 1 1 1,01 1 1,01
12 1 0,75*** 1 1 1 1 1 1 0,98

1 1 0,86 1 1,2 1 1,2 1,02 0,95 0,99**
3 1,01 0,71*** 0,94 0,94 0,96 1,01 0,97 1,01 0,96

PPI 6 1,01 0,79** 0,96 0,95 1 1 0,98 1 0,97

9 1 0,75*** 0,94 0,95 1 1 0,99 1 0,99

12 0,97 0,7 0,99** 0,99** 1 1 0,97* 1 0,93

1 0,99 0,9 0,94 0,95 0,94 0,95 1 0,98 1
3 1 0,98 0,98* 0,98 0,99 0,99 1,01 1 1

PEI 6 0,98 0,93*** 0,98*** 0,98*** 0,99** 0,99** 0,97* 1,01** 1
9 0,98 0,94 0,96 0,95 1 1 0,96 1 0,98

12 0,99 0,96*** 0,99 1,02 1 1 1 1 1,02

1 0,91 0,93 0,87 0,88* 0,87 0,88* 0,97 0,7** 1,01
3 0,97 0,99 1,01 0,99 1,03* 0,98** 0,98 0,83** 0,98

UR 6 1 0,9 0,99 0,97 1 0,97* 1* 0,92** 0,99

9 1,04 0,92 0,99 0,99 1 0,99 1,04 0,97* 0,9***
12 1** 0,83 0,94*** 0,92*** 0,99 0,99** 0,97*** 0,98** 0,93***

1 0,87* 0,86 0,81** 0,84* 0,81** 0,84* 0,89* 0,99 0,97

3 1,09 0,8** 1,06 1,04 1,03 1,02 1,05 1,02 0,98

IP 6 1,03 0,82** 1 1 1 0,99 1,01 1,01 0,97

9 0,97 0,8** 1,01 1,01 1 1 0,97 1 0,97

12 1,05 0,78*** 0,99 0,98* 1 1 1,04 1 0,99

1 0,92 0,85*** 0,98 0,98 0,98 0,98 0,98 0,93 1
3 1 0,9 0,99 0,99 0,99 0,99 0,99 0,99 0,95

RDI 6 0,99 0,81*** 0,99 0,99 0,99** 0,99** 0,99 0,99** 1
9 0,99 0,92* 0,99 0,99 1* 1* 0,99 1* 1,02
12 0,99 0,88*** 1 1 1 1 0,99 1 1

1 0,68 1,17 1,35 1,76*** 1,35 1,76*** 1,01** 0,67 1
3 1,07 0,97 1,02 1,03 0,96 1,06 1,03 1,06 1,02

PCE 6 1,01 0,85*** 0,99 0,98 1* 1 0,99 1 0,98

9 0,99 0,83** 1,02 1** 1 1 0,99 1 1,01
12 0,99 0,84*** 1,02 1,03 1** 1* 0,99 1* 0,99

Jurado et al. (2013) dataset. MSFE ratios between model 10 and competing models for CPI, FFR, PCEd,
PPI, PEI, UR, IP, RDI, and PCE for forecasting leads h. A value lower than one indicates a lower MSFE
of model 10 w.r.t. the competing models. One, two, and three stars mean .10, .05, and .01 statistical
significance, respectively, for the Giacomini and White (2006) test with quadratic loss function. Number
of forecasts is S′ = 150 (first half of S = 300 out-of-sample forecasts). The number of factors in the
methods involving factor models is 3. The 1-step ahead forecasts range from February 1986 to July 1998.
The 12-step ahead forecasts range from January 1987 to June 1999.



Table 9: MSFE ratios for second half of forecast sample (3 factors).

h mod 1 mod 2 mod 3 mod 4 mod 5 mod 6 mod 7 mod 8 mod 9

1 1,02 1,11 1,17 1,45** 1,17 1,45** 1,01 1,04 1,01
3 0,97 0,95 0,99 0,99 0,96 1 0,96 1 0,97

CPI 6 0,98 0,89* 0,99 0,94 1 1 0,99 1 0,99

9 0,98 0,83 1,02 1,01 1 1 0,95 1 0,97***
12 1,02 0,91*** 1,01 1,02 1 1 1,01 1 1,02

1 1,15 0,75 1,64** 1,82*** 1,64** 1,82*** 1,41*** 1,77*** 0,98

3 0,78 0,36*** 0,7 0,65 0,78 0,87 0,81 1,17 0,89

FFR 6 0,74 0,23** 0,97 0,92 1,01 0,97 0,76 1,13 0,74**
9 0,87 0,29* 1,08 1,12 1,03 1,04 0,91 1,11 0,89*
12 0,8 0,39** 0,97 1 1,09 1,09 0,82 1,11 0,92

1 0,94 0,98 1,13 1,29 1,13 1,29 1,01 0,96 1
3 1 0,9 1 1 0,98 1 0,99 1 0,99

PCEd 6 0,99 0,87** 1,01 1,01 0,99 1 1,01 1 1,02*
9 0,98* 0,88 1,01 1 1 1 0,98 1 0,99

12 1,01 0,91 0,95 0,95** 1** 1 0,99 1 0,98

1 0,92* 0,91 1,16 1,33* 1,16 1,33* 1 0,84** 1
3 0,98 0,89* 0,98 0,99 0,99 1 0,97 1 0,99

PPI 6 0,99 0,83 1,01 1,02 1,01 1 1 1 0,99

9 0,99 0,8 0,97 0,98 1 1 0,98 1 0,97

12 1,06 0,95 1,06 1,04 1 1 1,08 1 1,05

1 0,95 0,9 0,8 0,79 0,8 0,79 0,98 0,96 1,01
3 0,99 0,81** 0,87* 0,87* 0,89* 0,89* 0,99 1,05 0,99

PEI 6 1 0,79 0,94 0,94 0,94 0,94 0,99 1,02 0,97

9 1,01 0,85** 0,96 0,96 0,98 0,98 1,02 1,01* 1,01
12 0,99 0,73 0,93 0,92 1 1 0,94 0,99 0,91

1 0,86** 0,93 0,77** 0,68*** 0,77** 0,68*** 0,9** 0,36*** 1,01
3 0,98 0,91 0,87*** 0,81** 0,85*** 0,78** 0,99 0,47** 0,99

UR 6 0,98 0,71 0,85** 0,91 0,89 0,85* 0,99** 0,66** 0,97***
9 0,95 0,81 0,86* 0,93 0,92 0,91 0,96 0,78 0,92

12 0,95** 0,81 0,96 0,96 0,98 0,99 0,97 0,91* 0,94

1 0,94 1,06 0,95 0,88 0,95 0,88 0,99 1 0,97

3 1,04 1,13 1,1 1,09 1,09 0,95 1,08 1,01 1,04
IP 6 1,03 1,01 1,03 1,05 1,02 0,99 1,04 1,01 0,97

9 0,99 0,98 1,02 1,01 1,03 1,03 0,99 1,02 0,98

12 0,98 0,88 1,01 1,01 1,02 1,04 0,97 1,01 0,95

1 0,96 0,73*** 0,98 1,01 0,98 1,01 0,99 0,98 1
3 0,99 0,76*** 0,99 0,99 0,97 0,99* 0,99 0,98 1

RDI 6 0,98 0,74 0,98 0,98 0,98 0,99 0,95 0,98 0,97

9 0,97 0,83*** 1 1 0,99 0,99 0,98 0,99 0,97

12 1 0,83*** 1 0,99 1 1 0,99 1 0,98

1 0,57** 0,86 1,5** 1,73* 1,5** 1,73* 0,99 0,62 0,99*
3 1 0,68** 1,04 1,04 1,03 1,04 1,01 1,04 1

PCE 6 0,96 0,63*** 0,99 0,99 0,98 0,99 0,95 0,99 0,94

9 0,97 0,53*** 1 1 1 1 0,96 1 0,97

12 0,95 0,67*** 1 1 1 1 0,97 1* 0,96

Jurado et al. (2013) dataset. MSFE ratios between model 10 and competing models for CPI, FFR, PCEd,
PPI, PEI, UR, IP, RDI, and PCE for forecasting leads h. A value lower than one indicates a lower MSFE
of model 10 w.r.t. the competing models. One, two, and three stars mean .10, .05, and .01 statistical
significance, respectively, for the Giacomini and White (2006) test with quadratic loss function. Number
of forecasts is S′ = 150 (second half of S = 300 out-of-sample forecasts. The number of factors in the
methods involving factor models is 3. The 1-step ahead forecasts range from February 1986 to July 1998.
The 12-step ahead forecasts range from January 1987 to June 1999. The 1-step ahead forecasts range
from August 1998 to January 2011. The 12-step ahead forecasts range from July 1999 to December 2011.



Table 10: Variance ratios rj,nt .

CPI FFR PCEd PPI PEI UR IP RDI PCE

1 factor 1st factor 1,346E-07 0,0063 4,26E-08 3,75E-07 1,38E-07 1,71E-02 2,61E-05 4,16E-07 1,11E-06

2 factors
1st factor 8,23E-06 0,0068 2,28E-06 1,30E-05 5,34E-07 2,89E-03 7,09E-06 3,24E-07 1,04E-07
2nd factor 6,93E-05 0,02 2,33E-05 0,00015 8,07E-06 2,49E-03 7,39E-06 6,83E-06 1,08E-05

3 factors

1st factor 5,63E-06 0,04 1,28E-06 8,42E-06 3,93E-07 3,30E-03 8,09E-05 4,72E-08 5,55E-07
2nd factor 0,00017 0,0097 5,37E-05 0,00017 5,82E-06 2,56E-03 3,27E-03 5,53E-06 4,17E-06
3rd factor 8,24E-06 0,09 3,56E-06 4,14E-06 2,17E-07 2,68E-03 8,80E-04 1,10E-06 1,10E-06

Values for average variance ratio r
j,n
t (in percentage), eqn. (19), for CPI, FFR, PCEd, PPI, PEI, UR, IP, RDI, and PCE for the supervised model (1)-(2),

with different numbers of estimated factors ranging from one to three. The estimates of the parameters are computed using the whole sample.



Table 11: MSFE ratios, cosine basis loadings.

ρf2,y = 0.5 ρf1,y = 0.5

ρf1,y h mod 8 mod 9 ρf2,y h mod 8 mod 9

1 1,01 1,02 1 0,98 0,94

3 0,99 1 3 0,97 1,01
0.1 6 1 1,01 0.1 6 1 1,01

9 1,01 1 9 0,96** 1
12 0,98 1 12 0,97 0,99

1 0,95** 0,73*** 1 0,98 0,64***
3 1 0,99 3 0,99 0,95

0.2 6 0,98 1,01* 0.2 6 0,96*** 1
9 1 1 9 0,97 1
12 0,99 1 12 0,98 1

1 0,98 0,91* 1 0,96 1
3 0,98** 1 3 0,98 0,98

0.3 6 0,98 1 0.3 6 0,98 0,99

9 1 1 9 0,97*** 1
12 0,97** 1 12 0,98** 1

1 0,98 0,6*** 1 0,92** 0,85***
3 0,98 0,96 3 0,99 0,98

0.4 6 0,97 1,01 0.4 6 0,98 0,99

9 0,96*** 1 9 0,98 1
12 0,98 1 12 0,98 1

1 1,01 0,99 1 0,94** 0,34***
3 0,99* 1 3 0,93** 0,74**

0.5 6 0,98 1 0.5 6 0,94 0,97

9 0,98** 1 9 0,98 1,03
12 0,99 1 12 1 1,03

1 0,97 0,75*** 1 0,92** 0,87***
3 0,98 0,99 3 1 1,01

0.6 6 1 1,02 0.6 6 0,99 1
9 1,01 1,02 9 0,98 1
12 0,97** 1,02 12 0,99 1

1 0,92** 0,86*** 1 0,95** 0,99

3 0,97 1,01 3 0,97 1,01
0.7 6 0,98 1 0.7 6 0,99 1

9 0,99 1 9 0,99 1,01
12 0,99 1 12 0,98** 1,01

1 0,96 1,03 1 0,98 0,86***
3 1,01 1,03* 3 0,96 0,99

0.8 6 0,99 1 0.8 6 0,99 1
9 1,01 1 9 0,95 1
12 0,99** 1 12 0,98 1

1 0,96 0,81*** 1 1,03 1,03
3 0,98 0,97 3 1,02 1,01

0.9 6 0,98 1,03 0.9 6 1** 1,01
9 0,99 1,02 9 1 1,01*
12 1 1 12 0,99 1*

Simulated data with cosine basis loadings. MSFE ratios between model 10 and models 8 and 9 for
different levels of correlation between factors and forecast objective. Forecasting leads h = 1, 3, 6, 9, 12.
A value lower than one indicates a lower MSFE of model 10 w.r.t. the competing models. One, two,
and three stars mean .10, .05, and .01 statistical significance, respectively, for the Giacomini and White
(2006) test with quadratic loss function. Number of forecasts is S = 300. The number of latent factors
is 2. The correlation between the two latent factors is ρf1,f2 = 0.10.



Table 12: MSFE ratios, random loadings.

ρf2,y = 0.5 ρf1,y = 0.5

ρf1,y h mod 8 mod 9 ρf2,y h mod 8 mod 9

1 1 0,44*** 1 1 0,96

3 0,98* 0,94 3 0,97 0,98

0.1 6 0,98 1,01* 0.1 6 0,98 1
9 0,97 1,01 9 0,96 1
12 0,98 1 12 0,96 1

1 1,04*** 0,9** 1 0,99 0,91***
3 1,08** 1,1*** 3 0,97** 0,97

0.2 6 1,08* 1,08** 0.2 6 0,96* 0,98

9 1,04 1,07* 9 0,95 0,98

12 1,03 1,05 12 0,96 0,98

1 0,93 0,9 1 1 0,85***
3 0,97 1 3 0,99 1

0.3 6 0,98 1 0.3 6 1 1
9 0,98 1 9 0,98 1
12 0,97 1 12 0,98 1

1 1 0,28*** 1 0,99 0,89*
3 0,99 0,66*** 3 0,97 0,98

0.4 6 0,97* 0,84* 0.4 6 0,97 0,99

9 0,97** 0,94 9 0,96* 0,99

12 0,96 0,94 12 0,96* 0,99

1 0,98 0,34*** 1 0,97 0,5***
3 0,98* 0,79*** 3 1 0,6***

0.5 6 0,97 0,99 0.5 6 1 0,78***
9 1 1,02 9 0,99 0,88**
12 1,01 1 12 0,98 0,95

1 0,97 0,87*** 1 1,01 0,32***
3 1,01 1,01 3 0,99 0,72***

0.6 6 1,01 1,02 0.6 6 0,99 0,9**
9 1,01 1,01 9 0,98 0,96

12 0,99 0,99 12 0,98 1

1 1 0,65*** 1 1,01 0,77***
3 0,99* 0,97* 3 0,98 0,96

0.7 6 0,99 1 0.7 6 0,99 0,98

9 0,99 1* 9 0,98 0,97

12 0,98 1** 12 0,97 0,99

1 0,98 0,25*** 1 1,02 0,65***
3 1,02* 0,77*** 3 1,04 0,86**

0.8 6 0,98 0,96 0.8 6 1,05 0,94

9 0,97 0,99 9 1,03 0,99
12 0,97 0,99 12 1,03 1,04

1 0,99 0,95 1 1 0,29***
3 0,99 1 3 1,01** 0,56***

0.9 6 1,01 1 0.9 6 0,99 0,83

9 0,98 1 9 0,97 0,91

12 0,99** 1 12 0,99 0,98

Simulated data with random loadings. MSFE ratios between model 10 and models 8 and 9 for different
levels of correlation between factors and forecast objective. Forecasting leads h = 1, 3, 6, 9, 12. A value
lower than one indicates a lower MSFE of model 10 w.r.t. the competing models. One, two, and three
stars mean .10, .05, and .01 statistical significance, respectively, for the Giacomini and White (2006) test
with quadratic loss function. Number of forecasts is S = 300. The number of latent factors is 2. The
correlation between the two latent factors is ρf1,f2 = 0.10.
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