
 

 
 

 
 
 

 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
http://www.wiwi.uni-konstanz.de/econdoc/working-paper-series/ 

 

Un ive rs i ty  o f  K on s ta n z  
De pa rtmen t  o f  Econ om ics  

 
 

Point and Density Forecasts  
Using an Unrestricted 

Mixed-Frequency VAR Model 
 

Fady Barsoum  

                           Working Paper Series  
2015-19 

Konstanzer Online-Publikations-System (KOPS) 
URL: http://nbn-resolving.de/urn:nbn:de:bsz:352-0-319762

http://nbn-resolving.de/urn:nbn:de:bsz:352-0-319762


Point and Density Forecasts Using an Unrestricted
Mixed-Frequency VAR Model ∗

Fady Barsoum ‡

September 22, 2015

Abstract

This paper compares the forecasting performance of the unrestricted mixed-frequency
VAR (MF-VAR) model to the more commonly used VAR (LF-VAR) model sampled at
a common low-frequency. The literature so far has successfully documented the forecast
gains that can be obtained from using high-frequency variables in forecasting a lower fre-
quency variable in a univariate mixed-frequency setting. These forecast gains are usually
attributed to the ability of the mixed-frequency models to nowcast. More recently, Ghy-
sels (2014) provides an approach that allows the usage of mixed-frequency variables in
a VAR framework. In this paper we assess the forecasting and nowcasting performance
of the MF-VAR of Ghysels (2014), however, we do not impose any restrictions on the
parameters of the models. Although the unrestricted version is more flexible, it suffers
from parameter proliferation and is therefore only suitable when the difference between
the low- and high-frequency variables is small (i.e. quarterly and monthly frequencies).
Unlike previous work, our interest is not only limited to evaluating the out-of-sample
performance in terms of point forecasts but also density forecasts. Thus, we suggest a
parametric bootstrap approach as well as a Bayesian approach to compute density fore-
casts. Moreover, we show how the nowcasts can be obtained using both direct and iterative
forecasting methods. We use both Monte Carlo simulation experiments and an empirical
study for the US to compare the forecasting performance of both the MF-VAR model and
the LF-VAR model. The results highlight the point and density forecasts gains that can
be achieved by the MF-VAR model.
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1 Introduction

Obtaining accurate forecasts for economic variables is a vital task; it is not merely an
interesting research topic for academics but rather an issue of crucial importance to policy
makers as well as financial market participants. In general, time series observations are
available at different frequencies. For some variables, data is available and can be easily
collected, and hence time series can be sampled at high frequencies. While for other
variables, collecting data and constructing time series can be a costly and time-consuming
process and as a result such variables can only be sampled at low frequencies. When there
is an interest in forecasting low-frequency variables, using predictors observed at a higher
frequency can be very useful in enhancing the accuracy of the forecasts. A main reason
is that high-frequency predictors may include more recent information that can be used
to update the forecasts of the low-frequency variables. Therefore, there is a need for
time series models that can make accurate forecasts for low-frequency variables using
information available at higher frequency variables.

Most of the literature compare competing forecasting models by evaluating their out-of-
sample point forecasts. By construction, a point forecast ignores the uncertainties that
are associated with the predictions. As opposed to a point forecast, a density forecast
provides a predictive probability distribution for the outcome of interest; this allows den-
sity forecasting to account for predictions’ uncertainties1. The ability of density forecasts
to acknowledge future uncertainty makes them very attractive for decision making. As a
result, recently, many central banks such as Bank of England, Norges Bank, and Sveriges
Riksbank publish density forecasts for macroeconomic aggregates. Thus, when the focus
is in obtaining accurate forecasts from forecasting models, one should not only consider
point forecasts, but also density forecasts as they provide very useful information for
policy makers.

Although nowadays there is a vast number of economic and financial variables, many
would still argue that the gross domestic product (GDP) is the single most important
economic indicator. As a result, a large literature in forecasting focuses on forecasting
the GDP growth rate. The GDP is available at a quarterly frequency; however, most of
its predictors are available at a monthly frequency. In this paper we contribute to the
literature by proposing a Bayesian framework as well as a parametric bootstrap framework
that allows the use of data-driven multivariate mixed-frequency models to obtain point
and density forecasts for low-frequency variables such as GDP growth rate using high-
frequency variables. We also describe how the nowcasts can be obtained using both direct
and iterative forecasting methods. In addition, we evaluate the forecasting and nowcasting
performance of these models by means of Monte Carlo simulations and an empirical study.

When variables observed at mixed-frequencies are available in regression models, a com-
mon solution is to aggregate the high-frequency variables to match the frequency of the
low-frequency variable, and run the regression at the common low-frequency. Although
such an approach is quite attractive due to its simplicity, in forecasting it has two main

1Garratt et al. (2003) list five possible sources of uncertainties for model-based forecasts: future,
parameter, model, policy and measurement uncertainties. In this paper we only consider future and
parameter uncertainties as we will discuss in the next section.
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disadvantages. First, one does not know beforehand the exact aggregation weights that
should be given to the high-frequency variables and has to make simplifying assumptions
such as an equal weighting scheme which most often does not match the data. Second,
this approach ignores the possible availability of high-frequency information within the
low-frequency time period (i.e. it does not allow for nowcasting). For instance, if we want
to nowcast the first quarter of the GDP using monthly industrial production and we are
already in February, the simple aggregation method can not make use of the available
useful information in January to nowcast the GDP. In the literature, however, two ap-
proaches have been proposed that can utilize the availability of mixed-frequency data in
a more useful way2. The first approach, based on state space models and the Kalman
filter, interpolates the low-frequency variable to match that of the high-frequency one.
This parameter-driven approach has been used in several forecasting/nowcasting studies
(see e.g. Mariano and Murasawa (2010), Schorfheide and Song (2013), Kuzin et al. (2013),
among others). Alternatively, instead of either aggregating the high-frequency variables
or interpolating the low-frequency variables, MIxed DAta Sampling (MIDAS) regressions
allow the use of mixed-frequency data directly in a data-driven fashion.

MIDAS regression models have been recently introduced to the literature by Ghysels
et al. (2004). The MIDAS regressions simply use lag polynomial functions to estimate the
weights used to aggregate the high-frequency variables in a regression context. In fore-
casting, the univariate MIDAS model and its extensions have shown good success that is
usually attributed to their ability to nowcast. Clements and Galvão (2008) use monthly
indicators to forecast the US GDP growth rate. Andreou et al. (2013) and Barsoum
(2011) combine MIDAS with factor models and use large daily datasets to forecast the
GDP of the US and the UK, respectively. Guérin and Marcellino (2013), Barsoum and
Stankiewicz (2015), and Bessec and Bouabdallah (2014) use Markov-switching MIDAS
models in different forecasting applications. The current paper builds on three recent pa-
pers in the MIDAS literature. Foroni et al. (2015) show that when the difference between
the low-frequency and the high-frequency variables is small (i.e. quarterly and monthly
frequency), one can include the high-frequency lags directly in the regression model with-
out the need to use lag polynomials. This so called unrestricted MIDAS (U-MIDAS) shows
promising forecasting results in both Monte Carlo simulations and empirical applications
in comparison to MIDAS regressions with lag polynomials. Moreover, U-MIDAS regres-
sions are estimated using OLS; this is an attractive feature given that MIDAS regressions
are estimated by means of non-linear least squares. Despite the growing interest in using
MIDAS regressions in forecasting, most of the work, so far, focused solely on obtaining
point forecasts from these univariate regressions; one notable exception is Aastveit et al.
(2014). They used a parametric bootstrap method to obtain density forecasts from uni-
variate MIDAS regressions. Their methodology, which accounts for both parameters and
future uncertainty, shows consistency between results obtained from both point forecasts
and density forecasts. Another very relevant work is the mixed-frequency vector autore-
gressive model (MF-VAR) of Ghysels (2014). In this important contribution, Ghysels
(2014) stacks both the high- and low-frequency variables together in a VAR framework
by decomposing each high-frequency variable into a number of low-frequency variables.
Similar to the U-MIDAS of Foroni et al. (2015), all the variables are modeled together
at the common low-frequency in a linear fashion. Although the model can be easily es-
timated using OLS, it is prone to parameters proliferation. Consequently, the model is

2Foroni and Marcellino (2013) survey the mixed-frequency literature.
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more useful when the difference between the low- and high-frequency variables is small.
This approach may be useful when the interest is in forecasting quarterly GDP since most
of the predictors used in the literature are observed at a monthly frequency.

In this paper we are interested in using Ghysels (2014) MF-VAR model and extending the
existing methodology to obtain point and density forecasts. The aim is to evaluate the
possible gains obtained from using the MF-VAR model in point and density forecasting as
opposed to a VAR model sampled at a common low frequency (LF-VAR). Thus, our main
focus is to investigate the differences between two models that are similar in every aspect,
except for the way they deal with the high-frequency (HF) data. This way, if there are
forecasting gains from using the MF-VAR, we can directly relate them to the ability of
the MF-VAR3 to use mixed-frequency data. In addition, exploiting the mixed-frequency
structure of the model allows one to obtain nowcasts using the available high-frequency
information; this feature can not be obtained from the LF-VAR model. In general, VAR
models can provide both direct and iterative forecasts (see e.g. Marcellino et al. (2006) for
a comparison between the two forecasting methods). Interestingly, although in standard
VAR models iterative forecasting is mainly used for multi-step ahead predictions, due to
the structure of the stacked vector in the MF-VAR, iterative forecasting can be used to
obtain nowcasts. We compare the forecasting performance of the MF-VAR model using
two estimation methods. In the first method OLS is used to estimate the parameters of
the model which are then used to obtain point forecasts. To get density forecasts, we
extend the work of Fresoli et al. (2014) and use a parametric bootstrap method. In their
paper they showed the asymptotic validity of their simple method, which, unlike Thombs
and Schucany (1990) and Kim (1999), does not use a backward representation. In the
second method we use Bayesian estimation to obtain point and density forecasts. We use
the priors suggested by Ghysels (2014), while we follow Banbura et al. (2010) and De Mol
et al. (2008) and use more shrinkage as the dimension of the model gets larger. Here,
however, the large dimension is not only due to the inclusion of more variables but also
due to the stacking of the high-frequency variables at the low-frequency.

We assess the forecasting performance of the MF-VAR using both Monte Carlo simulations
and an empirical study. In the Monte Carlo simulations we follow Foroni et al. (2015) and
generate an HF bivariate VAR model as a data generating process (DGP). We compare the
forecasting performance of the MF-VAR to LF-VAR using 9 different sets of parameters.
In addition, unlike the previous literature, we also evaluate the nowcasting performance of
the MF-VAR. This is important to document the gains that can be achieved by the MF-
VAR in nowcasting horizons and understand how the performance of the model depends
on the DGP’s parameters. The results show that the MF-VAR can provide more accurate
forecasts compared to its LF-VAR counterpart. These gains are more pronounced at
nowcasting horizons and when the parameters of the DGP show high persistence. The
results of density forecasts are in line with the point forecasts’ results. Moreover, iterative
forecasting slightly outperforms direct forecasting in some cases. In the empirical study
we forecast the GDP growth of the US using 6 different commonly used predictors. In

3Other papers in the literature that used MF-VAR models include Mariano and Murasawa (2010),
Schorfheide and Song (2013), and Chiu et al. (2011). However, unlike the MF-VAR of Ghysels (2014),
other approaches are parameter-driven and are estimated by either the Kalman filter or Bayesian estima-
tion. Therefore, when one compares the forecasting performance of these models with LS-VAR it is not
clear whether the gains are due to the the use of mixed-frequency data or due to the parametric structure
(Bayesian priors in case of Bayesian estimation) imposed on these models.
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forecasting we use different numbers of predictors in both the MF-VAR and the LF-
VAR to evaluate the forecasting performance of the MF-VAR in large dimensions, since
the model is prone to parameters proliferation. For smaller dimensions, OLS provides
comparable or better forecasts, while, as expected, Bayesian estimation with shrinkage
performs better for larger dimensions. In general, the results from the empirical study
are consistent with those from the Monte Carlo simulations; however, both direct and
iterative forecasting show very comparable results.

The paper is organized as follows. In Section 2 we describe the models that we use in
forecasting and how to obtain point and density forecasts using both parametric bootstrap
and Bayesian estimation from these models. The Monte Carlo simulations are discussed
in Section 3. Section 4 presents the empirical study. Section 5 concludes.

2 Mixed-frequency VAR

2.1 Model description

VARs have become one of the standard tools to model the co-movements of different eco-
nomic time series since their introduction in Sims (1980). They have been used in a large
number of papers in both forecasting and structural analysis. Although standard VARs
are quite useful, one of their drawbacks is their inability to deal with mixed-frequency vari-
ables. This is restrictive given the availability of macroeconomic and financial variables
at different frequencies. For instance, although GDP is observed quarterly, most of its
predictors such as industrial production or employment are monthly variables. To model
the co-movements of mixed-frequency time series, Ghysels (2014) proposes the use of MF-
VAR. Following a similar notation4, a MF-VAR model with P lags and KL = KH = 1
can be written as:

xH(τL, 1)
...

xH(τL,m)
xL(τL)

 = A0 +
P∑
j=1

Aj


xH(τL − j, 1)

...
xH(τL − j,m)
xL(τL − j)

+ ε(τL). (2.1)

The MF-VAR is a K−dimensional process where K = KL+m×KH . KL is the number of
low frequency variables that are observed every fixed m period, while KH is the number of
high frequency variables included in the model. So if we want to include monthly industrial
production, monthly employment, and quarterly GDP in the model, then KL = 1, KH =
2, and m = 3. The LF variables can be described using the single-indexed vector process
xL(τL) where τL is the low frequency time period; for example, for quarterly GDP, it can
be 2014Q4. On the other hand, the HF variables can be collected in the double-indexed
vector process xH(τL, kH) where kH = 1, · · · ,m is the high frequency period within the
low frequency; for instance, τL=2014Q4 and kH=1, correspond to monthly industrial

4For notation simplicity we are just using one high frequency variable and one low frequency variable.
One can for instance assume that xH(τL, kH) is a vector [xH1(τL, kH), xH2(τL, kH)]′ if two high frequency
variables are included.
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production in October 2014 (i.e. the first month during 2014Q4). A0 is a K × 1 vector of
intercepts and Aj are K ×K coefficient matrices:

A0 =


A1

0
...
Am0
Am+1

0

 and Aj =


A1,1
j · · · A1,m

j A1,m+1
j

... · · · ...
...

Am,1j · · · Am,mj Am,m+1
j

Am+1,1
j · · · Am+1,m

j Am+1,m+1
j

 .
By defining x(τL) = [xH(τL, 1), · · · , xH(τL,m), xL(τL)]′, a more compact notation for
equation (2.1) is simply:

x(τL) = A0 +
P∑
j=1

Ajx(τL − j) + ε(τL). (2.2)

To use equation (2.2) in forecasting h-steps ahead and h is an integer (i.e. no nowcasting
is allowed) we can use:

x(τL) = A0 +
P−1∑
j=0

Aj+1x(τL − j − h) + ε(τL). (2.3)

Most of the time we are interested in using the high frequency variables to forecast a low
frequency variable, i.e. we are interested in using the last equation in (2.1) in forecasting.
The univariate last equation in the MF-VAR can be rewritten as:

xL(τL) = Am+1
0 +

P−1∑
j=0

Am+1,m+1
j+1 xL(τL−j−h)+

P−1∑
j=0

m∑
k=1

Am+1,k
j+1 xH(τL−j−h, k)+ε(τL)m+1.

(2.4)
The above equation is equivalent to the UMIDAS of Foroni et al. (2015). The term∑P−1

j=0 A
m+1,m+1
j+1 xL(τL − j − h) simply includes the AR(P ) lags of the LF variable. In

addition, the term
∑P−1

j=0

∑m
k=1A

m+1,k
j+1 xH(τL−j−h, k) accounts for the effects of the high

frequency variables included in the regression equation. Thus, the number of estimated
regression coefficients in equation (2.4) is 1+P +mP . In both the UMIDAS and the MF-
VAR the dimension of the model is a function of m; therefore, the dimension of the model
gets larger when the difference between the low and high frequency variables becomes
large. Foroni et al. (2015) document the suitability of using the UMIDAS when the interest
is in using monthly predictors to forecast quarterly variables. Moreover, Barsoum and
Stankiewicz (2015) show that even in a Markov-switching framework where the number of
estimated parameters increases proportionally to the number of regimes, the UMIDAS still
provides better forecasting performance compared to its restricted counterpart. Therefore,
for small differences in frequencies, parameters proliferation is not very restrictive for
forecasting applications.

2.2 Nowcasting

In standard VAR models using a reduced-form is sufficient when the interest is in fore-
casting. Similarly, for the MF-VAR model, when the interest is in forecasting h-steps
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ahead and h is an integer, one can directly use the reduced form forecasting model in
equation (2.3). In this case, as shown in equation (2.4), the forecasts obtained from the
univariate UMIDAS model are similar to those obtained from the MF-VAR, and thus it
would not be meaningful to use a more complicated model in forecasting when a simpler
model can provide similar forecasts. However, for nowcasting, the structure of the stacked
vector used in the MF-VAR can allow for different methodologies to obtain nowcasts. In
univariate MIDAS models direct nowcasting is obtained by including a more recent lag
(observed at the nowcasting horizon) of the HF variable in the regression model. Alter-
natively, in the MF-VAR model, either direct or iterative nowcasts can be obtained by
making use of the Cholesky decomposition of the variance-covariance matrix.

The variance-covariance matrix of the MF-VAR model in equation (2.1) is:

E[ε(τL)ε(τL)′] = Σ = CC ′ = M[m]ΩM
′
[m], (2.5)

where C is the Cholesky decomposition of Σ, Ω is a diagonal matrix, M[m] is a lower
triangular matrix. The use of the subscript in M will be useful in what follows. Us-
ing N[m] = M−1

[m], we can view N[m] as an equivalent to the contemporaneous matrix in
structural VARs:

N[m] =


I 0 · · · · · · 0

N2,1
[m] I 0 · · · 0
...

...
... · · · · · · . . .

...

Nm+1,1
[m] · · · Nm+1,m−1

[m] Nm+1,m
[m] I

 ,

moreover, for i = 1, · · · ,m− 1, we define:

N[i] =



I 0 · · · · · · 0 0

N2,1
[i] I 0 · · · 0 0
...

...
...

N i+1,1
[i] · · · N i+1,i

[i] I
... 0

...
... 0

. . .
...

Nm+1,1
[i] · · · Nm+1,i

[i] 0 · · · I


.

Thus, after we estimate the variance-covariance matrix of the MF-VAR model, we can
obtain N[m] from the inverse of the Cholesky decomposition of the variance-covariance
matrix and N[i] as a partial truncation of the first i shocks from N[m]. Premultiplying
equation (2.2) by N[i], for i = 1, · · · ,m, we can obtain a structural MF-VAR model:

N[i]x(τL) = B[i]0 +
P∑
j=1

B[i]jx(τL − j) + e[i](τL), (2.6)

with B[i]0 = N[i]A0, B[i]j = N[i]Aj, and e[i](τL) = N[i]ε(τL). As highlighted earlier, the
above structural MF-VAR can be used in nowcasting using either direct or iterative meth-
ods. For nowcasting h-steps ahead using direct forecasting we may use:

N[i]x(τL) = B[i]0 +
P−1∑
j=0

B[i]j+1x(τL − j − d) + e[i](τL), (2.7)
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where h can be a fraction, d is a rounded up integer value for h, and i = (d−h)×m. For
instance, if we are interested in forecasting GDP 2015Q1 using industrial production in
2015M2, then h = 1/3, d = 1, and i = 2, and accordingly we would use N[2]. For clarity,
we can write equation (2.7) as:


1 0 0 0

N2,1
[2] 1 0 0

N3,1
[2] N3,2

[2] 1 0

N4,1
[2] N4,2

[2] 0 1



xH(τL, 1)
xH(τL, 2)
xH(τL, 3)
xL(τL)

 =


B1

[2]0

B2
[2]0

B3
[2]0

B4
[2]0

+
P−1∑
j=0


B1,1

[2]j+1 B1,2
[2]j+1 B1,3

[2]j+1 B1,4
[2]j+1

B2,1
[2]j+1 B2,2

[2]j+1 B2,3
[2]j+1 B2,4

[2]j+1

B3,1
[2]j+1 B3,2

[2]j+1 B3,3
[2]j+1 B3,4

[2]j+1

B4,1
[2]j+1 B4,2

[2]j+1 B4,3
[2]j+1 B4,4

[2]j+1



×


xH(τL − j − 1, 1)
xH(τL − j − 1, 2)
xH(τL − j − 1, 3)
xL(τL − j − 1)

+


e1[2](τL)

e2[2](τL)

e3[2](τL)

e4[2](τL)

 . (2.8)

The optimal direct nowcast for the last equation in (2.8) reads as:

xL(τL) = B4
[2]0 −N

4,1
[2] xH(τL, 1)−N4,2

[2] xH(τL, 2)

+
P−1∑
j=0

(B4,1
[2]j+1xH(τL − j − 1, 1) +B4,2

[2]j+1xH(τL − j − 1, 2)

+B4,3
[2]j+1xH(τL − j − 1, 3) +B4,4

[2]j+1xL(τL − j − 1)) + E[e4[2](τL)], (2.9)

where E[e4[2](τL)] = 0. Thus, using direct nowcasting, the within quarter information is
captured using the N[i] matrix. The available information in the first two months updates
the forecasts, while information in the third month is ignored since it is not observed
at h = 1/3. Due to the lower triangular structure of the N[i] matrix, the order of the
variables becomes a crucial issue. The first i columns are non zero as they correspond to
the available information for nowcasting in the stacked vectors. Therefore, the variables
in the stacked vector should be arranged in an ascending order from the oldest to the
most recent.

Alternatively, nowcasts can also be obtained using iterative nowcasting:

N[m]x(τL) = B[m]0 +
P−1∑
j=0

B[m]j+1x(τL − j − d) + e[m](τL). (2.10)

Both equation (2.7) and equation (2.10) look quite similar; however, they differ in the
subindex of the lower triangular matrix. In direct forecasting we use N[i] while in iterative
forecasting we useN[m] regardless to the nowcast horizon. To elaborate, following the same
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above example used in equation (2.8), we can rewrite equation (2.10) as:


1 0 0 0

N2,1
[3] 1 0 0

N3,1
[3] N3,2

[3] 1 0

N4,1
[3] N4,2

[3] N4,2
[3] 1



xH(τL, 1)
xH(τL, 2)
xH(τL, 3)
xL(τL)

 =


B1

[3]0

B2
[3]0

B3
[3]0

B4
[3]0

+
P−1∑
j=0


B1,1

[3]j+1 B1,2
[3]j+1 B1,3

[3]j+1 B1,4
[3]j+1

B2,1
[3]j+1 B2,2

[3]j+1 B2,3
[3]j+1 B2,4

[3]j+1

B3,1
[3]j+1 B3,2

[3]j+1 B3,3
[3]j+1 B3,4

[3]j+1

B4,1
[3]j+1 B4,2

[3]j+1 B4,3
[3]j+1 B4,4

[3]j+1



×


xH(τL − j − 1, 1)
xH(τL − j − 1, 2)
xH(τL − j − 1, 3)
xL(τL − j − 1)

+


e1[3](τL)

e2[3](τL)

e3[3](τL)

e4[3](τL)

 , (2.11)

and the optimal iterative nowcast for the low frequency variable in the last equation in
(2.11) reads as:

xL(τL) = B4
[3]0 −N

4,1
[3] xH(τL, 1)−N4,2

[3] xH(τL, 2)−N4,3
[3] E[xH(τL, 3)|xH(τL, 2)]

+
P−1∑
j=0

(B4,1
[3]j+1xH(τL − j − 1, 1) +B4,2

[3]j+1xH(τL − j − 1, 2)

+B4,3
[3]j+1xH(τL − j − 1, 3) +B4,4

[3]j+1xL(τL − j − 1)) + E[e4[3](τL)], (2.12)

where E[xH(τL, 3)|xH(τL, 2)] is the forecast of the high-frequency variable in the third
month of the quarter using the available information up to the second month in the
quarter. The optimal nowcast for E[xH(τL, 3)|xH(τL, 2)]:

E[xH(τL, 3)|xH(τL, 2)] = B3
[3]0 −N

3,1
[3] xH(τL, 1)−N3,2

[3] xH(τL, 2)

+
P−1∑
j=0

(B3,1
[3]j+1xH(τL − j − 1, 1) +B3,2

[3]j+1xH(τL − j − 1, 2)

+B3,3
[3]j+1xH(τL − j − 1, 3) +B3,4

[3]j+1xL(τL − j − 1))

+E[e3[3](τL)]. (2.13)

To summarize, in iterative nowcasting the unavailable high-frequency observations within
the quarter are replaced by their optimal forecasts to nowcast the low-frequency variable.
Alternatively, direct nowcasting only makes use of the available high-frequency informa-
tion inside the quarter while ignores the unavailable data. The idea is quite similar to
the direct and iterative forecasting used in standard VARs; however, the structure of the
stacked vector in the MF-VAR model allows both methods to be extended to nowcasting
and not just forecasting.

2.3 Frequentist estimation

In the previous two subsections we showed how to use the MF-VAR to obtain forecasts
and nowcasts by means of either direct or iterative methods. In this subsection we present
a methodology that allows for obtaining density forecasts and nowcasts using a parametric
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bootstrap method. We follow the bootstrap method of Fresoli et al. (2014) for standard
VARs and extend it to the MF-VAR model for both forecasting and nowcasting; other
papers that used similar bootstrap methods for VARs inlcude Staszewska-Bystrova and
Winker (2013) and Wolf and Wunderli (2014). In order to avoid repetition, instead of
presenting the bootstrap algorithm for all the variants of the MF-VAR model discussed
earlier, we focus here on the most general representation of the MF-VAR which can be
used for both forecasting and nowcasting. For i = 0, · · · ,m, the h-steps ahead forecasting
equation for the MF-VAR is:

N[i]x(τL) = B[i]0 +
P−1∑
j=0

B[i]j+1x(τL − j − d) + e[i](τL). (2.14)

When i = 0, N[0] is an identity matrix and the MF-VAR is in reduced form and can be used
in forecasting. In such case both direct and iterative forecasting methods are equivalent.
Alternatively, for nowcasting, when h is not an integer, i can take any value between 1
and m. Values of i between 1 and m − 1 are used in direct nowcasting while i = m is
used in iterative nowcasting. Since in practice we do not know the actual parameters, we
replace the actual parameters by their estimates in order to obtain the optimal h-steps
ahead point forecast/nowcast :

N̂[i]x̂(T + d) = B̂[i]0 +
P−1∑
j=0

B̂[i]j+1x(T − j), (2.15)

where T is the last low-frequency time period used in the in-sample estimation. Thus,
we replace the generic low-frequency time period τL with T so that the left hand side
of equation 2.15 becomes the forecasts obtained from the MF-VAR. Given the available
information, we first estimate Â0 and Âj using OLS and then we obtain N̂[i] from the

Cholesky decomposition of the estimated variance covariance matrix. B̂[i]0 and B̂[i]j can

be calculated as N̂[i]Â0 and N̂[i]Âj respectively.

Alternatively, to obtain a density of forecasts, we use the following algorithm:

• Step 1. First estimate the parameters Â0 and Âj using OLS from the reduced form
equation (2.2). Following Stine (1987), the corresponding matrix of residuals is

centered and scaled using the factor [(T −P )/(T −2P )]
1
2 .The scaling is used so that

the variance of the residuals is not smaller than the variance of the innovations. Let
F̂ê be the empirical distribution of the centered and rescaled residuals.

• Step 2. Use the estimated parameters from Step 1 and construct bootstrap series
(x(1)∗, · · · , x(T )∗):

x∗(τL) = Â0 +
P∑
j=1

Âjx
∗(τL − j) + ê∗(τL). (2.16)
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For the initial values at time τL = −p + 1, · · · , 0 we use x∗(τL) = x(τL). ê∗(τL) is
randomly drawn with replacement from F̂ê.

• Step 3. Estimate the parameters of the constructed bootstrapped series from Step 2
using OLS and denote them by Â∗0 and Â∗j . Similarly, for i = 1, · · · ,m, calculate N∗[i]
from the Cholesky decomposition of the variance-covariance matrix using ê∗(τL).

• Step 4. For forecasting h-steps ahead, we use:

N∗[i]x̂
∗(T + d) = B̂∗[i]0 +

P−1∑
j=0

B̂∗[i]j+1x
∗(T − j) + ê∗(T + d). (2.17)

The bootstrapped forecasts are conditioned on the actual observations, i.e. for the
available information we use x∗(τL, i) = x(τL, i). ê

∗(T + d) are random draws with
replacement from F̂ê.

• Step 5. Repeat steps 2− 4 R times.

The above algorithm allows us to obtain R different replications of the forecasts/nowcasts
x̂(T+d). Consequently, the empirical density that we use is constructed from {x̂∗(r)(T + d)}Rr=1,
where x̂∗(r)(T + d) is the forecast/nowcast for the rth bootstrap. Such an algorithm ac-
counts for both parameter and shock uncertainty. Parameter uncertainty is dealt with by
estimating the parameters of the model R times using the different bootstrapped series,
while shock uncertainties are accounted for in Step 4 by adding random draws with re-
placement to the forecast equation. Fresoli et al. (2014) show the asymptotic validity of
this bootstrap method and its suitability for both Gaussian and non-Gaussian forecast
errors. In contrast, to Fresoli et al. (2014) and other related literature, we also obtain R
replications of the matrix N[i] in order to obtain nowcasts.

2.4 Bayesian estimation

Since the number of parameters to be estimated in this MF-VAR is obviously large,
Bayesian estimation provides a very useful tool for estimation when the number of the
variables in the model increases given the small sample size of most of the macroeconomic
data. In the literature different variants of the Minnesota prior have been used with
success in forecasting large dimensional Bayesian VARs. The basic idea is to shrink the
parameters, other than the first own lag, closer to zero as they tend to go further away in
the past since they become less relevant. For the first autoregressive lag, the researcher
can shrink the AR(1) parameter to a chosen value depending on her belief about the
persistence of the variables. As suggested by Banbura et al. (2010) and De Mol et al.
(2008), the overall shrinkage of the model should increase as the dimension of the model
increases to avoid overfitting. Following the essence of the Minnesota prior Ghysels (2014)
proposed a set of priors for the reduced form MF-VAR:

E[Aa,bj ] = 0K2
H
, V[Aa,bj ] = λ2

[(j−1)m+(m−b+a)]2SHH , a = 1, · · · ,m, b = 1, · · · ,m−1

E[Aa,m1 ] = diag(ρa)K2
H
, V[Aa,bj ] = λ2

[a]2
SHH , a = 1, · · · ,m
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E[Aa,mj ] = 0K2
H
, V[Aa,bj ] = λ2

((j−1)m+a)2
SHH , j > 1, a = 1, · · · ,m

E[Aa,m+1
j ] = 0KH ,KL

, V[Aa,m+1
j ] = λ2

((j−1)m+a)2
SHL, a = 1, · · · ,m

E[Am+1,m+1
1 ] = diag(ρm)Km

L
, V[Aa,bj ] = λ2

[m]2
SLL.

Where E and V are matrices of expectations and variances, 0 is a matrix of zeros where
the subscript refers to the dimension and diag(ρa) is a diagonal matrix with elements
ρa. The difference in scaling between the different low and high frequency variables is
captured by the term S; for example, the difference in scaling between the high and low
frequency variables is captured by SHL ≡ [σ2

i,H/σ
2
j,L; i = 1, · · · , KH ; j = 1, · · · , KL]. The

overall tightness of the prior distributions is governed by the hyperparameter λ, finally
the parameter ρ reflects the researcher’s belief about the persistence of the variables in
the system.

Following Kadiyala and Karlsson (1997) the reduced form MF-VAR in equation (2.2) can
be written in matrix form as:

Y = ZA+ E, (2.18)

where Y = (x(1), · · · , x(T ))′ is a T×K matrix of endogenous variables, Z = (z(1), · · · , z(T ))′

is a matrix of ones and lagged endogenous variables and z(τL) = (1, z(τL−1)′, · · · , z(τL−
P )′)′. The coefficient matrix A = (A0, A1, · · · , AP )′ and E = (ε(1), · · · , ε(T ))′ is a matrix
of innovations. Using the above set of priors for the parameters’ means and their variances
for the MF-VAR, the normally distributed priors for the coefficients can be given as:

A ∼ N(a, V ). (2.19)

We define a as a vector of the prior mean for the MF-VAR parameters and V as the
variance of the prior. Consequently the conditional posterior of A has the form:

A|Σ, Z ∼ N(a, V ), (2.20)

where
a = (V −1 + Σ−1 ⊗ Z ′Z)−1(V −1a+ Σ−1 ⊗ Z ′Zâ)

a = (V −1 + Σ−1 ⊗ Z ′Z)−1,

and â is the OLS estimate of A. The posterior of Σ conditional on A is inverse Wishart:

Σ ∼ IW (Σ, T + c), (2.21)

where c is the degrees of freedom, and the posterior of the variance covariance matrix:

Σ = (Y − ZA)′(Y − ZA).

In the Bayesian estimation of the MF-VAR model, we use Gibbs sampling to obtain
point and density forecasts. After discarding initial draws, we draw the reduced form
coefficients and the variance-covariance matrix from their conditional posteriors. We
draw G different sets of coefficients and variance covariance matrices. Then, in a similar
fashion as equation (2.17) in the bootstrap algorithm, we use these sets of parameters
for forecasting/nowcasting allowing for both parameters and forecast uncertainties. We
obtain {x̂(g)(T + d)}Gg=1 which can be used to construct the density, where x̂(g)(T + d) is
the forecast/nowcast for the gth post-burn draw from the posterior. The point forecast
x̂(T + d) is obtained as the mean value of the G different forecasts {x̂(g)(T + d)}Gg=1.

11



2.5 Forecast evaluation

Although we are using multivariate models in forecasting, we are only interested in eval-
uating the forecasts of the low frequency variable, i.e. the point forecast of x̂L(T + d)
and its density. One reason is that, in practice, low-frequency variables such as the GDP
are usually observed with delay; therefore, the available information in the low-frequency
might not enhance the forecasts of the high-frequency variables that are more readily and
accurately available with less delay. To evaluate the point forecasts of the low-frequency
variable, we use the Root Mean Squared Predictive Error (RMSPE):

RMSPE =

√√√√ 1

n

T+n∑
τL=T+1

(x̂L(τL)− xL(τL))2, (2.22)

where n is the size of the out-of-sample evaluation period. When we compare forecasting
models, the lower the RMSPE, the better the forecasting performance according to this
criteria. To evaluate the density forecasts we use the Log Predictive Density Score (LPDS):

LPDS =
1

n

T+n∑
τL=T+1

log p(x(τL)), (2.23)

where p(x(τL)) is the predictive density of x(τL) conditional on information up to τL− h.
For simplicity, we follow Adolfson et al. (2007) and construct the predictive distribution
using normal approximation of the forecasts/nowcasts replications obtained from either
the parametric bootstrap approach or the Bayesian approach discussed earlier. This is
commonly used in the literature. An attractive feature of the LPDS is that it only depends
on the realization x(τL). This is useful given that the true density is unknown. However,
this also means that it rewards predictive densities that include values equal to the actual
realizations. The LPDS can be viewed as an out-of-sample log likelihood function and
hence a larger score is better.

3 Monte Carlo Experiments

To evaluate the forecasting performance of the MF-VAR, we use Monte Carlo simulations
to compare its out-of-sample point and density forecasts to a VAR observed at the com-
mon low-frequency (LF-VAR). In the LF-VAR model the HF variable is aggregated to the
low frequency using the mean5 of the HF-periods within the low frequency. We compare
the forecasting performance of the MF-VAR using both direct and iterative forecasting
methods relative to the LF-VAR model. Moreover, we evaluate the relative nowcast-
ing gains that can be obtained from using the MF-VAR model for different nowcasting
horizons.

5We also checked the performance of a LF-VAR model when using the last month in the quarter as
a measure of the aggregate information in the quarter instead of the mean; however, the results did not
differ a lot.
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3.1 DGP

Following Foroni, Marcellino, and Schumacher (2013), we use a bivariate HF-VAR data
generating process (DGP):[

xL(τH)
xH(τH)

]
=

[
ρ δL
δH ρ

] [
xL(τH − 1)
xH(τH − 1)

]
+

[
eL(τH)
eH(τH)

]
, (3.1)

where xL(τH) and xH(τH) are the LF and HF variables generated at the high frequency, ρ
specifies the persistence of the variables, and δL determines how the HF variable influences
the LF variable. Similar to the previous literature, we assume that the LF variable has
no effect on the HF one and consequently we set δH = 0. In the simulations, we use
different sets of values for the parameters ρ and δL. For the persistence parameter, we use
ρ = {0.1; 0.5; 0.9} to account for different degrees of persistence for both variables, while
we set δL = {0.1; 0.5; 1.0}. The error terms are normally distributed with zero mean and
the variance is chosen so that the unconditional variance of the low frequency variable is
equal to one.

In this DGP both the LF and HF variables are generated at the high frequency, i.e. every
month. For each set of parameters’ values we use the above DGP to generate a time
series for each variable. Each time series consists of 690 monthly observations. To imitate
the data pattern that is observed in the quarterly-monthly data, we assume that the low
frequency variable is only observed every third month. Thus, for every simulation, we
obtain 230 observations for the LF variable observed every quarter, and 690 observations
of the HF variable observed each month. The first 200 quarterly observations are used for
in-sample estimation, while the last 30 observations are used to evaluate the out-of-sample
forecasting performance of the competing models. A rolling-window is used to obtain
the forecasts where the size of the rolling-window is 200 quarterly observations and 600
monthly observations. Thus, we keep the window size fixed instead of increasing the size of
the sample by expanding the window. Since the MF-VAR model has more parameters to
be estimated compared to the LF-VAR model, it would be useful to compare the relative
forecasting performance of the two forecasting models using a fixed estimation window.

3.2 Out-of-sample comparison

By means of relative RMSPE and relative LPDS, the forecasting performance of the MF-
VAR is compared to the LF-VAR model using 1000 simulations. For each simulation we
calculate the RMSPE and LPDS for each model using the last 30 observations. Table 1
summarizes the out-of-sample point forecasts performance of both models in the Monte
Carlo simulations. Relative RMSPE is computed as the ratio of the MF-VAR’s RMSPE
to the LF-VAR’s RMSPE; thus, values below 1 indicate better forecasting performance
of the MF-VAR model while values above 1 are favoring the LS-VAR model.

All models used in Table 1 are estimated using the frequentist estimation method. The
table is divided into two blocks; in the first block we compare the forecasting performance
of the MF-VAR using direct forecasting to the performance of the LF-VAR model, while in
the second block we evaluate the forecasting performance of the MF-VAR using iterative
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Table 1: Relative RMSPE

Direct Forecasting
Parameters h = 1 h = 2/3 h = 1/3
ρ δl 25th 50th 75th 25th 50th 75th 25th 50th 75th

0.1 0.1 1.00 1.01 1.01 1.00 1.01 1.02 1.00 1.01 1.02
0.1 0.5 1.00 1.01 1.01 1.00 1.01 1.02 0.87 0.90 0.94
0.1 1.0 1.00 1.01 1.01 0.99 1.00 1.01 0.67 0.71 0.75
0.5 0.1 1.00 1.00 1.01 1.00 1.01 1.02 0.99 1.01 1.02
0.5 0.5 0.97 0.99 1.00 0.91 0.94 0.96 0.80 0.84 0.86
0.5 1.0 0.95 0.97 0.99 0.82 0.85 0.88 0.57 0.61 0.66
0.9 0.1 0.99 1.00 1.01 0.99 1.00 1.02 0.99 1.00 1.02
0.9 0.5 0.88 0.91 0.95 0.80 0.84 0.88 0.73 0.77 0.82
0.9 1.0 0.80 0.84 0.88 0.63 0.67 0.71 0.47 0.51 0.55

Iterative Forecasting
0.1 0.1 1.00 1.01 1.02 1.00 1.01 1.02
0.1 0.5 0.99 1.01 1.02 0.87 0.90 0.94
0.1 1.0 0.98 1.00 1.01 0.67 0.71 0.76
0.5 0.1 0.99 1.00 1.02 0.99 1.00 1.02
0.5 0.5 0.88 0.92 0.95 0.80 0.84 0.89
0.5 1.0 0.77 0.81 0.86 0.57 0.61 0.66
0.9 0.1 0.98 1.00 1.01 0.98 1.00 1.02
0.9 0.5 0.76 0.80 0.85 0.72 0.77 0.82
0.9 1.0 0.56 0.60 0.65 0.47 0.51 0.55

The table shows the Monte Carlo experiment results using 1000 simulations based on a bivariate HF-VAR
model in equation (3.1). It contains the 25th, 50th, and 75th percentiles of the relative RMSE of MF-VAR
compared to LF-VAR at different forecast horizons for different sets of parameters. Values below/above
1 indicate better/worse performance of the MF-VAR model as compared to the LF-VAR model. In the
first tab forecasts for the MF-VAR are obtained using direct forecasting while in the second tab iterative
forecasting is used. For h = 1 we only report results using direct forecasting since both forecasting
methods are equivalent.

forecasting. For different forecasting/nowcasting horizons {h = 1; 2/3; 1/3}, the table
shows the relative forecasting performance of the MF-VAR using the two forecasting
methods for each set of parameters. For h = 1 we only present the results using direct
forecasting because in this case both the direct and iterative forecasting methods become
equivalent when the MF-VAR model is used in forecasting. In the table we report the
25th, 50th and 75th quantiles of the relative RMSPE.

In general, Table 1 shows that in most cases the forecasting accuracy of point forecasts
obtained from the MF-VAR outperforms those obtained from the LF-VAR. When h = 1
we can observe that the difference between the forecasting accuracy of the two models is
smaller than the cases where h = 2/3 and h = 1/3. Thus, the ability of the MF-VAR
model to make use of the within quarter information allows it to enhance its forecasting
accuracy in nowcasting horizons in comparison to the LF-VAR. We can also notice that the
persistence parameter ρ has a significant role in the forecast comparison. When ρ = 0.1
the two models provide very comparable forecasts. On the other hand, larger values of
ρ enhance the relative performance of the MF-VAR for all forecast horizons. That result
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Table 2: Relative LPDS

Direct Forecasting
Parameters h = 1 h = 2/3 h = 1/3
ρ δl 25th 50th 75th 25th 50th 75th 25th 50th 75th

0.1 0.1 0.99 1.00 1.01 0.99 1.00 1.01 0.98 1.00 1.02
0.1 0.5 0.99 1.00 1.01 0.99 1.00 1.01 0.88 0.92 0.96
0.1 1.0 0.99 1.00 1.01 0.99 1.00 1.01 0.70 0.75 0.81
0.5 0.1 0.99 1.00 1.01 0.99 1.00 1.01 0.98 1.00 1.01
0.5 0.5 0.97 0.99 1.01 0.92 0.95 0.98 0.82 0.87 0.92
0.5 1.0 0.95 0.97 1.00 0.84 0.84 0.91 0.56 0.62 0.69
0.9 0.1 0.98 1.00 1.02 0.97 0.99 1.02 0.96 0.99 1.02
0.9 0.5 0.91 0.94 0.98 0.85 0.89 0.94 0.76 0.82 0.87
0.9 1.0 0.81 0.85 0.88 0.61 0.66 0.70 0.45 0.50 0.54

Iterative Forecasting
0.1 0.1 0.99 1.00 1.01 0.98 1.00 1.01
0.1 0.5 0.99 1.00 1.01 0.88 0.92 0.96
0.1 1.0 0.98 1.00 1.01 0.69 0.75 0.80
0.5 0.1 0.98 1.00 1.01 0.98 0.99 1.01
0.5 0.5 0.89 0.93 0.97 0.82 0.86 0.92
0.5 1.0 0.79 0.84 0.89 0.56 0.61 0.69
0.9 0.1 0.96 0.99 1.02 0.95 0.98 1.02
0.9 0.5 0.83 0.88 0.93 0.76 0.81 0.86
0.9 1.0 0.56 0.60 0.65 0.44 0.49 0.54

The table shows the Monte Carlo experiment results using 1000 simulations based on a bivariate HF-VAR
model in equation (3.1). It contains the 25th, 50th, and 75th percentiles of the relative LPDS of MF-VAR
compared to LF-VAR at different forecast horizons for different sets of parameters. Values below/above
1 indicate better/worse performance of the MF-VAR model as compared to the LF-VAR model.In the
first tab forecasts for the MF-VAR are obtained using direct forecasting while in the second tab iterative
forecasting is used. For h = 1 we only report results using direct forecasting since both forecasting
methods are equivalent.

might imply that when the data has more useful information for forecasting, the MF-VAR
is better suited for exploiting this information in forecasting. In addition, we observe that
larger values for δL magnify the relative gains between the two models due to nowcasting.
Therefore, when the HF variable has a larger influence on the LF-variable, nowcasting be-
comes more useful. Table 1 also shows that both direct and iterative forecasting methods
provide comparable forecasting results. However, in some cases when h = 2/3, iterative
forecasting provides slightly better results. One possible reason is that the DGP used
to generate the data is not very different from the MF-VAR model and so the iterative
forecasting method provides slightly better results as the model’s misspecification is only
related to the low frequency variable.

In a similar fashion, Table 2 reports the relative LPDS of the MF-VAR in comparison
to the LF-VAR model. The computations are, however, more intensive as we compute
1000 forecast replications for each forecast in each simulation. Although higher values of
LPDS suggest better performance in density forecasting, the values obtained for LPDS
have a negative sign. Thus, values below 1 indicate that the MF-VAR provides better
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density forecasts; while values above 1 favor the LF-VAR. For each set of parameters, the
table displays the 25th, 50th, and 75th quantiles for the relative LPDS for h = 1, 2/3 and
1/3. In the first block, the forecasts of the MF-VAR are obtained using direct forecasting,
while iterative forecasting is used in the lower part of the table.

The results in Table 2 are consistent with those obtained from Table 1. In general, the
MF-VAR provides better or at least comparable density forecasts in comparison to the
LF-VAR model. For smaller values of the persistence parameter ρ, the two models show
similar accuracy in density forecasting for h = 1 and h = 2/3. When more within-quarter
information is available, h = 1/3, the difference between the density forecasting accuracy
of the two models in favor of the MF-VAR is largest, even for smaller values of ρ. For
larger values of ρ, the MF-VAR outperforms the LF-VAR for all forecasting/nowcasting
horizons. Moreover, larger values of the parameter δL proliferate the relative gains due
to nowcasting. Similar to relative RMSE, iterative forecasting provides slightly better
relative density forecasts compared to direct forecasting. Thus, in general, the results in
Table 2 are inline with and confirm the results from Table 1.

Although similar simulation experiments have been used in the literature, the above Monte
Carlo simulations have three main contributions to the literature. First, the comparison
between the two models using different forecasting/nowcasting horizons allow us to un-
derstand the role of the different parameters in affecting the relative forecasting accuracy
of the two models. Although one might argue that it is not fair to compare two models
that make use of different information sets, it is still very useful to quantify the relative
gains that the MF-VAR model can achieve due to nowcasting. Second, the simulations
compare two forecasting methods that can be used for forecasting using MF-VAR and
highlight that the iterative forecasting method can slightly outperform the direct fore-
casting method when the model’s misspecification is only related to the low-frequency
variable. Third, the results obtained suggest that the conclusions drawn from the simu-
lations are not only limited to point forecasts, but also extend to density forecasts.

4 Empirical study

4.1 Data description

Despite the tremendous growth of available economic and financial time series, the GDP
growth, especially for the US, is considered by many as one of the most important eco-
nomic indicators. Therefore, for both academics as well as market participants, there is
a lot of interest in forecasting it. In the empirical study we evaluate the forecasting per-
formance of the MF-VAR model using US data. We forecast the quarterly GDP growth -
measured using the log-difference of the real GDP - of the US using six different monthly
indicators -namely, Industrial Production (IP), Purchasing Managers index (PM), total
non-farm Employment (EM), Capacity utilization (CA), Philadelphia Fed outlook survey
for general business activity (PF), and the Chicago Fed national activity index (CF)6.
The predictors used are similar to the ones in Aastveit et al. (2014). The three indicators

6The data is obtained from Datastream.
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IP, EM, and CA are transformed to stationarity (monthly growth rates) by means of tak-
ing log-differences. PM, PF, and CF are stationary survey-based measures and thus, no
further transformation is needed. PM includes information about production, inventories,
employment, new orders, and inflation. PF is a survey that questions manufacturers on
general business conditions. CF is a weighted average of 85 indicators related to economic
activity and inflation. The data is collected from 1967M7 to 2014M6, where the starting
date is determined by the availability of all the predictors.

4.2 Design of the empirical study

We compare the point and density forecasts of a number of competing models. Since
one main goal is to assess the possible gains due to the use of mixed-frequency data in
VARs, we compare the LF-VAR model to a number of MF-VAR models. For h = 1, we
evaluate the performance of both parametric mixed-frequency VAR (MF-VAR) as well
as a Bayesian mixed-frequency VAR (MF-BVAR). For nowcasting horizons, h = 2/3 and
h = 1/3, we compare the forecasts obtained from MF-VAR and MF-BVAR using both
direct and iterative forecasting methods.

We use data from 1967Q3 to 1999Q4 for in-sample estimation and keep the data from
2000Q1 to 2014Q2 for forecast evaluation. A rolling-window of size 130 quarterly observa-
tions and 390 monthly observations is used to obtain point and density forecasts for h = 1,
2/3, and 1/3. In the Bayesian approach,the density forecasts’ results are based on 5000
draws from the posterior that are obtained after discarding the first 10000 draws. Simi-
larly, in the bootstrap approach, density forecasts are constructed using 5000 bootstrap
replications. The forecast evaluation period is divided into two periods; a pre-crisis period
(Pre) from 2000Q1 to 2007Q2, and a crisis and post-crisis period (Post) from 2007Q3 to
2014Q2. This allows us to understand how the forecasting performance of the competing
models varies in different forecasting periods. In addition, we also report the forecasting
performance for the whole forecast evaluation period from 2000Q1 to 2014Q2. We report
both RMSPE and LPDS for all the competing models.

It is worth noting that in the Monte Carlo experiment our choice of DGP is based on
our interest to compare the forecasting performance of both LF-VAR and MF-VAR and
hence, presenting the relative RMSPE and LPDS is a natural choice as it allows us to
summarize the results from the simulations in a meaningful way. In the empirical study,
we are also interested in comparing the forecasting performance of both forecasting models
as well. However, forecasting the GDP growth is a more general question and as a result,
we present the absolute RMPSE and LPDS to allow future studies to replicate our own
results as well as to compare them with results obtained from other forecasting models if
needed.

We use each of the six predictors separately to forecast the GDP growth. Then we use all
possible combinations of 2, 3 and 4 predictors in the forecasting equation using IP, PM,
EM, and CF. The choice of these 4 predictors is mainly based on their relatively good
performance in forecasting the GDP growth. Finally we use all 6 predictors at a time
for forecasting. First, we would like to assess the performance of the different predictors.
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Second, it is important to understand whether adding more predictors to the forecasting
equation improve the forecasts or not. Third, adding more predictors to the forecasting
equation allows us to investigate how the increase in the dimension of the MF-VAR model
affects its forecasting performance. This is quite useful given that the MF-VAR model is
prone to parameters proliferation.

4.3 Results

The RMSPE results using single predictors are shown in Table 3. The first column
shows the model used in forecasting. When LF-VAR is used, the monthly predictor is
aggregated to a quarterly frequency using an equal weighting scheme. Thus, for LF-VAR,
a bivariate VAR is used. On the other hand, the dimension of the MF-VAR is K = 4
as the MF-VAR includes quarterly GDP growth and three monthly lags for the monthly
predictor used. All the forecasting models are estimated using 4 quarterly lags and 12
monthly lags. The second column contains the forecasting method used, while the third
column includes the forecast/nowcast horizon. The LF-VAR cannot make use of the
within quarter information and thus, is only used for h = 1. When h = 1, both direct and
iterative forecasting methods are equivalent and thus we do not report the forecasting
method. The fourth column shows the forecasting period evaluated. Columns 5 to 10
show the predictor used in forecasting.

The results in Table 3 show that CF provides lower RMSPE compared to other predictors.
This is true for all the models, forecast horizons, and evaluation periods. On the other
hand, when h = 1, PF seems to provide worse point forecasts in comparison to others.
However, for nowcasting horizons, PF’s forecasting performance improves relative to other
monthly indicators. IP and CA show very similar RMSPE for all the different forecast
horizons and evaluation periods and their point forecasts are very comparable to those
obtained from PM and EM. As expected, in the post-crisis period, all the predictors
provide equal or worse forecasting performance compared to the pre-crisis period. In
general, for each predictor the differences in RMSPE between pre-crisis and post-crisis
periods are more pronounced in nowcasting horizons compared to the case when h = 1.
This may suggest that in several cases, the gains due to nowcasting are better observed
in the pre-crisis period.

In order to assess the point forecast performance of the different models, we compare
their RMSPEs for each indicator. For h = 1, in most cases, the MF-VAR shows slightly
lower RMSPE compared to LF-VAR. However, for both h = 2/3 and h = 1/3, the MF-
VAR’s RMSPEs are lower than the RMSPEs obtained for h = 1. Thus, the MF-VAR
does not only outperform LF-VAR due to the way it makes use of high-frequency data,
but most importantly due to its ability to utilize available within quarter information.
In Table 3, the results of both MF-VAR and MF-BVAR are almost identical. This is
mainly because the dimension of the MF-BVAR model is not large, and so minimum
shrinkage has been applied implying that the estimated parameters obtained from OLS
and Bayesian estimation are quite similar. For most of the indicators used in forecasting,
direct and iterative forecasting methods provide comparable RMSPEs. Unlike the results
for the Monte Carlo experiment, it is difficult to suggest that either of the forecasting
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Table 3: RMSPE for single predictors

Model Method h Period IP PM EM CA PF CF
1 Pre 0.58 0.58 0.52 0.59 0.58 0.51

LF-VAR 1 Post 0.76 0.76 0.77 0.74 0.82 0.62
1 Whole 0.67 0.67 0.65 0.67 0.70 0.57
1 Pre 0.65 0.60 0.54 0.65 0.54 0.56

MF-VAR 1 Post 0.64 0.74 0.70 0.63 0.88 0.54
1 Whole 0.64 0.67 0.63 0.64 0.73 0.55
1 Pre 0.65 0.60 0.54 0.65 0.54 0.56

MF-BVAR 1 Post 0.64 0.74 0.70 0.63 0.88 0.54
1 Whole 0.64 0.67 0.63 0.64 0.73 0.55
2/3 Pre 0.51 0.57 0.52 0.51 0.50 0.47

MF-VAR Direct 2/3 Post 0.69 0.71 0.66 0.69 0.80 0.56
2/3 Whole 0.61 0.64 0.60 0.61 0.67 0.51
1/3 Pre 0.50 0.52 0.51 0.50 0.49 0.46

MF-VAR Direct 1/3 Post 0.69 0.65 0.62 0.68 0.75 0.56
1/3 Whole 0.60 0.59 0.57 0.60 0.63 0.51
2/3 Pre 0.51 0.57 0.51 0.51 0.51 0.47

MF-BVAR Direct 2/3 Post 0.69 0.71 0.67 0.69 0.80 0.56
2/3 Whole 0.60 0.64 0.60 0.61 0.67 0.51
1/3 Pre 0.50 0.52 0.50 0.50 0.5 0.46

MF-BVAR Direct 1/3 Post 0.68 0.65 0.62 0.68 0.75 0.55
1/3 Whole 0.60 0.59 0.56 0.60 0.63 0.51
2/3 Pre 0.51 0.49 0.54 0.51 0.53 0.47

MF-VAR Iterative 2/3 Post 0.71 0.62 0.66 0.71 0.72 0.58
2/3 Whole 0.62 0.56 0.60 0.62 0.63 0.53
1/3 Pre 0.51 0.52 0.51 0.51 0.49 0.47

MF-VAR Iterative 1/3 Post 0.70 0.64 0.63 0.70 0.65 0.57
1/3 Whole 0.61 0.58 0.57 0.61 0.58 0.52
2/3 Pre 0.51 0.49 0.51 0.51 0.52 0.46

MF-BVAR Iterative 2/3 Post 0.70 0.62 0.67 0.70 0.72 0.57
2/3 Whole 0.61 0.56 0.59 0.61 0.63 0.52
1/3 Pre 0.50 0.52 0.50 0.51 0.50 0.47

MF-BVAR Iterative 1/3 Post 0.69 0.64 0.62 0.69 0.65 0.56
1/3 Whole 0.60 0.58 0.56 0.60 0.58 0.52

The table shows the out-of-sample RMSPE obtained from forecasting the GDP growth of the US in
different periods using different variants of the MF-VAR as well as the LF-VAR model for different
forecast horizons by means of different single predictors. The first column includes the forecasting model,
the second column shows the forecasting method, and the forecast horizon is reported in the third
column. The evaluation period is highlighted in the fourth column. ‘Pre’ refers to the evaluation period
from 2000Q1 to 2007Q2, ‘Post’ refers to the period from 2007Q3 to 2014Q2, while ‘Whole’ covers the
whole evaluation period from 2000Q1 to 2014Q2. The RMSPEs for each of the six predictors are reported
in columns 5 to 10. The point forecasts are obtained using a rolling window of 130 quarterly observations
and 390 monthly observations where the in-sample estimation starts from 1967Q3 to 1999Q4. All models
use 4 quarterly lags.

methods outperforms the other.
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Table 4: LPDS for single predictors

Model Method h Period IP PM EM CA PF CF
1 Pre -0.95 -0.97 -0.90 -0.96 -0.98 -0.87

LF-VAR 1 Post -1.12 -1.16 -1.17 -1.11 -1.23 -0.99
1 Whole -1.04 -1.07 -1.03 -1.03 -1.11 -0.93
1 Pre -1.00 -0.96 -0.88 -1.00 -0.96 -0.87

MF-VAR 1 Post -1.00 -1.14 -1.09 -0.99 -1.31 -0.86
1 Whole -1.00 -1.05 -0.99 -1.00 -1.14 -0.86
1 Pre -1.00 -0.95 -0.89 -1.00 -0.96 -0.88

MF-BVAR 1 Post -0.97 -1.10 -1.04 -0.97 -1.30 -0.83
1 Whole -0.98 -1.02 -0.97 -0.98 -1.13 -0.85
2/3 Pre -0.79 -0.87 -0.80 -0.80 -0.89 -0.71

MF-VAR Direct 2/3 Post -1.01 -1.05 -1.05 -1.02 -1.24 -0.86
2/3 Whole -0.90 -0.96 -0.92 -0.91 -1.06 -0.78
1/3 Pre -0.77 -0.81 -0.77 -0.78 -0.81 -0.70

MF-VAR Direct 1/3 Post -0.99 -0.96 -0.98 -0.99 -1.04 -0.84
1/3 Whole -0.88 -0.88 -0.88 -0.88 -0.93 -0.77
2/3 Pre -0.77 -0.90 -0.82 -0.77 -0.90 -0.69

MF-BVAR Direct 2/3 Post -1.03 -1.03 -1.01 -0.99 -1.19 -0.81
2/3 Whole -0.90 -0.97 -0.91 -0.88 -1.04 -0.75
1/3 Pre -0.76 -0.80 -0.79 -0.75 -0.87 -0.68

MF-BVAR Direct 1/3 Post -1.05 -0.98 -0.94 -1.03 -1.10 -0.83
1/3 Whole -0.90 -0.89 -0.86 -0.89 -0.99 -0.75
2/3 Pre -0.79 -0.78 -0.80 -0.80 -0.88 -0.70

MF-VAR Iterative 2/3 Post -1.02 -0.96 -1.05 -1.03 -1.11 -0.86
2/3 Whole -0.90 -0.87 -0.93 -0.91 -0.99 -0.78
1/3 Pre -0.77 -0.87 -0.77 -0.77 -0.81 -0.69

MF-VAR Iterative 1/3 Post -1.00 -0.97 -0.99 -1.00 -1.00 -0.85
1/3 Whole -0.88 -0.87 -0.88 -0.89 -0.91 -0.77
2/3 Pre -0.79 -0.79 -0.82 -0.77 -0.88 -0.68

MF-BVAR Iterative 2/3 Post -1.02 -0.93 -1.02 -1.02 -1.10 -0.84
2/3 Whole -0.90 -0.86 -0.92 -0.90 -0.99 -0.76
1/3 Pre -0.77 -0.79 -0.79 -0.76 -0.84 -0.68

MF-BVAR Iterative 1/3 Post -1.00 -0.96 -0.95 -1.05 -0.98 -0.84
1/3 Whole -0.88 -0.87 -0.87 -0.90 -0.91 -0.76

The table shows the out-of-sample LPDS obtained from forecasting the GDP growth of the US in different
periods using different variants of the MF-VAR as well as the LF-VAR model for different forecast horizons
by means of different single predictors. The first column includes the forecasting model, the second column
shows the forecasting method, and the forecast horizon is reported in the third column. The evaluation
period is highlighted in the fourth column. ‘Pre’ refers to the evaluation period from 2000Q1 to 2007Q2,
‘Post’ refers to the period from 2007Q3 to 2014Q2, while ‘Whole’ covers the whole evaluation period from
2000Q1 to 2014Q2. The LPDS for each of the six predictors are reported in columns 5 to 10. For the
MF-BVAR, the density forecasts are based on 5000 draws from the posterior, while for the MF-VAR and
the LF-VAR density forecasts are constructed using 5000 bootstrap replications. A rolling window of 130
quarterly observations and 390 monthly observations is used where the in-sample estimation starts from
1967Q3 to 1999Q4. All models use 4 quarterly lags.
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In a similar fashion, Table 4 reports the LPDS for the single indicators. In general, for
the case of one monthly indicator, the results from Table 4 are consistent with those from
Table 3. Similarly, CF provides better density forecasts according to the LPDS criteria
and again the different variants of the MF-VAR outperform the LF-VAR model. Also
sizable gains can be observed in density nowcasts in comparison to density forecasts when
h = 1. However, we observe small differences between the LPDSs obtained from the MF-
BVAR and the MF-VAR. Both the bootstrap and the Bayesian method provide slightly
different results, but none of the two methods consistently provide higher LPDS values.
Again, direct and iterative forecasting methods also provide comparable LPDS values for
all the different indicators at each forecast horizon and evaluation period.

In addition, we also evaluate forecasting performance using more than one predictor. Ta-
bles 5 and 7 in Appendix A.1 report the RMSPE results for two predictors and more than
two predictors respectively, while Tables 6 and 8 in Appendix A.1 report the LPDS results
for two predictors and more than two predictors respectively. Adding more predictors to
the forecasting equation allow us to assess the usefulness of using more than one predictor
in improving the forecasts. Moreover, this is a very important exercise to evaluate the
forecasting performance of the different variants of the MF-VAR model as they are prone
to parameters proliferation.

Table 5 reports the forecasting performance using two different predictors at a time. In
general, in comparison to Table 3, we observe that adding more predictors to the forecast-
ing equation does not improve the accuracy of the point forecasts. For instance, adding
either of IP or PM or EM to CF in the forecasting equation lead to higher values of
RMSPE compared to using CF as a single predictor. This is true for both the LF-VAR as
well as all the variants of the MF-VAR; therefore, the deterioration in forecasting perfor-
mance cannot be attributed to the increase in the dimension of the MF-VAR. Moreover,
we observe that combining CF with another predictor provide more accurate forecasts
compared to IP-PM and IP-EM; in addition, in most cases PM-EM provide the most
accurate forecasts compared to the other 5 combinations. Thus, combining the best two
single predictors in the forecasting equation does not guarantee a more accurate forecasts.
We also notice some differences in the forecasting performance of both the MF-VAR and
the MF-BVAR as the MF-VAR outperforms its Bayesian counterpart for most of the
cases, and therefore the use of Bayesian estimation is not justified when 2 predictors are
included in the MF-BVAR model. Both direct and iterative forecasting methods provide
very comparable forecasting accuracy. Also, in the majority of the cases, the different
variants of the MF-VAR models provide better point forecasts compared to the LF-VAR.
The density forecasts results for two predictors in Table 6 are consistent with the point
forecasts results in Table 5.

The results for using 3 or 4 predictors in Table 7 show that the forecasting accuracy
of both the LF-VAR and the MF-VAR is quite similar when h = 1; however there are
some gains due to nowcasting when h = 2/3 and h = 1/3. In addition, both MF-
VAR and MF-BVAR show similar forecasting accuracy. However, when all predictors
are included in the forecasting equation, we observe that the LF-VAR provides much
better forecasts compared to the MF-VAR where combining PM-EM-CF in the forecasting
equation provides the most accurate predictions compared to other combinations of 3
predictors. On the hand, non of the 4 different combinations of 3 predictors provide
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superior forecasts in comparison to the other competitors when MF-VAR is used. We
also notice that using the MF-BVAR for h = 2/3 and h = 1/3 strongly enhances the
forecasting accuracy. This result highlights the unsuitability of using the MF-VAR model
for large dimensions and strongly supports the use of Bayesian estimation with shrinkage
when several predictors are used in the forecasting equation. With few exceptions, the
results for the LPDS in Table 8 are inline with the RMSPE results in Table 7. Moreover,
Table 8 also shows the gains in density nowcasting that can be achieved by MF-BVAR
when the forecasting equation includes several predictors.

5 Conclusion

With the increasing availability of economic and financial time series observed at different
frequencies, there is an urgent need of time series models that make use of mixed-frequency
data and be able to provide accurate forecasts. This paper provides a methodology that al-
lows the use of a MF-VAR class of models to obtain point and density forecasts/nowcasts.
We outline both a bootstrap approach as well as a Bayesian approach that can be used to
calculate the forecasts. Moreover, we also describe how nowcasts can be obtained using
both direct forecasting as well as iterative forecasting methods.

We use Monte Carlo simulations to compare both point and density forecasts of the MF-
VAR relative to the LF-VAR model. In general, the results show that the MF-VAR
outperforms the LF-VAR especially when the persistence parameter used in the DGP is
large. The results also document the gains that can be achieved in nowcasting horizons
due to the ability of the MF-VAR model to utilize within quarter information. Moreover,
we also show how the different parameters of the DGP can affect the relative gains due
to nowcasting. In addition, we compare the forecasting performance of both direct and
iterative forecasting methods and show that when the true DGP is close to the MF-VAR
model, the iterative forecasting method can provide more accurate forecasts. The results
from relative density forecasts are consistent with the point forecast results.

Using an empirical study, we assess the forecasting performance of the different variants
of the MF-VAR in comparison to the LF-VAR. We use different monthly predictors to
forecast the US GDP growth. In general, the MF-VAR model provides better point
and density forecasts. The results highlight that adding more than one predictor to the
forecasting equation does not improve the forecasting accuracy; on the contrary, using a
single predictor in most of the cases provides better forecasts. Among the set of predictors
used, the Chicago Fed national activity index seems to provide the most accurate forecasts.
As expected, the different models and predictors show more accurate point and density
forecasts in the pre-crisis period. Moreover, in many cases, the gains due to nowcasting
are more pronounced in the pre-crisis period. When the forecasting equation includes
6 predictors, the forecasting accuracy of the MF-VAR deteriorates significantly as the
model is prone to parameters proliferation. In this case, the MF-BVAR provides much
better forecasts due to Bayesian shrinkage. Both direct and iterative forecasting methods
show very comparable forecasting accuracy. In general, the empirical study shows and
quantifies the gains of using HF predictors in forecasting the GDP growth rate using
the MF-VAR model; however, when the frequentist approach is used in estimation, these
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forecast gains are only achieved when a small number of predictors are included in the
forecasting equation. Moreover, the results highlight the suitability of using Bayesian
estimation when the number of predictors used in the MF-VAR model is large.
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Appendix A.1

Table 5: RMSPE for 2 predictors

Model Method h Period IP-PM IP-EM IP-CF PM-EM PM-CF EM-CF
1 Pre 0.65 0.56 0.58 0.54 0.54 0.50

LF-VAR 1 Post 0.84 0.89 0.86 0.67 0.60 0.67
1 Whole 0.76 0.73 0.72 0.61 0.58 0.60
1 Pre 0.66 0.60 0.54 0.57 0.65 0.60

MF-VAR 1 Post 0.75 0.72 0.72 0.65 0.64 0.59
1 Whole 0.71 0.67 0.64 0.61 0.64 0.60
1 Pre 0.63 0.61 0.60 0.65 0.62 0.60

MF-BVAR 1 Post 0.82 0.78 0.71 0.87 0.78 0.76
1 Whole 0.73 0.70 0.66 0.77 0.70 0.68
2/3 Pre 0.56 0.50 0.49 0.53 0.57 0.50

MF-VAR Direct 2/3 Post 0.79 0.72 0.66 0.63 0.67 0.62
2/3 Whole 0.69 0.62 0.58 0.58 0.62 0.57
1/3 Pre 0.51 0.49 0.49 0.50 0.53 0.50

MF-VAR Direct 1/3 Post 0.81 0.67 0.64 0.58 0.69 0.61
1/3 Whole 0.68 0.59 0.57 0.54 0.61 0.56
2/3 Pre 0.54 0.51 0.52 0.62 0.55 0.52

MF-BVAR Direct 2/3 Post 0.86 0.79 0.69 0.87 0.69 0.70
2/3 Whole 0.72 0.67 0.61 0.75 0.62 0.62
1/3 Pre 0.50 0.49 0.50 0.56 0.51 0.51

MF-BVAR Direct 1/3 Post 0.84 0.76 0.66 0.70 0.67 0.68
1/3 Whole 0.69 0.64 0.58 0.64 0.60 0.60
2/3 Pre 0.51 0.50 0.48 0.52 0.56 0.50

MF-VAR Iterative 2/3 Post 0.76 0.73 0.68 0.56 0.67 0.64
2/3 Whole 0.65 0.63 0.59 0.54 0.62 0.57
1/3 Pre 0.52 0.50 0.49 0.51 0.53 0.49

MF-VAR Iterative 1/3 Post 0.75 0.69 0.65 0.56 0.68 0.62
1/3 Whole 0.65 0.60 0.57 0.54 0.61 0.56
2/3 Pre 0.51 0.53 0.53 0.56 0.54 0.55

MF-BVAR Iterative 2/3 Post 0.84 0.85 0.75 0.76 0.68 0.73
2/3 Whole 0.70 0.71 0.65 0.67 0.62 0.65
1/3 Pre 0.52 0.52 0.53 0.57 0.53 0.54

MF-BVAR Iterative 1/3 Post 0.80 0.80 0.67 0.69 0.66 0.70
1/3 Whole 0.68 0.67 0.61 0.63 0.60 0.62

The table shows the out-of-sample RMSPE obtained from forecasting the GDP growth of the US in
different periods using different variants of the MF-VAR as well as the LF-VAR model for different
forecast horizons by means of different combinations of two predictors. The first column includes the
forecasting model, the second column shows the forecasting method, and the forecast horizon is reported
in the third column. The evaluation period is highlighted in the fourth column. ‘Pre’ refers to the
evaluation period from 2000Q1 to 2007Q2, ‘Post’ refers to the period from 2007Q3 to 2014Q2, while
‘Whole’ covers the whole evaluation period from 2000Q1 to 2014Q2. The RMSPEs for each of the six
different combinations of two predictors are reported in columns 5 to 10. The point forecasts are obtained
using a rolling window of 130 quarterly observations and 390 monthly observations where the in-sample
estimation starts from 1967Q3 to 1999Q4. All models use 4 quarterly lags.
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Table 6: LPDS for 2 predictors

Model Method h Period IP-PM IP-EM IP-CF PM-EM PM-CF EM-CF
1 Pre -1.04 -0.93 -0.95 -0.92 -0.91 -0.87

LF-VAR 1 Post -1.18 -1.25 -1.20 -1.06 -0.96 -1.03
1 Whole -1.11 -1.09 -1.08 -0.99 -0.94 -0.95
1 Pre -1.03 -0.95 -0.85 -0.91 -1.01 -0.94

MF-VAR 1 Post -1.14 -1.10 -1.06 -1.04 -1.00 -0.93
1 Whole -1.09 -1.03 -0.96 -0.98 -1.00 -0.93
1 Pre -0.99 -0.98 -0.95 -1.02 -0.98 -0.96

MF-BVAR 1 Post -1.17 -1.12 -1.03 -1.25 -1.11 -1.10
1 Whole -1.08 -1.05 -0.99 -1.13 -1.05 -1.03
2/3 Pre -0.89 -0.79 -0.77 -0.81 -0.88 -0.78

MF-VAR Direct 2/3 Post -1.14 -1.03 -0.96 -0.99 -1.03 -0.91
2/3 Whole -1.01 -0.91 -0.86 -0.90 -0.95 -0.86
1/3 Pre -0.82 -0.77 -0.73 -0.77 -0.82 -0.77

MF-VAR Direct 1/3 Post -1.03 -0.97 -0.95 -0.90 -0.97 -0.91
1/3 Whole -0.93 -0.87 -0.84 -0.83 -0.90 -0.84
2/3 Pre -0.84 -0.80 -0.80 -0.98 -0.88 -0.81

MF-BVAR Direct 2/3 Post -1.27 -1.20 -1.03 -1.22 -1.03 -1.08
2/3 Whole -1.06 -1.00 -0.91 -1.10 -0.95 -0.95
1/3 Pre -0.78 -0.76 -0.77 -0.88 -0.83 -0.79

MF-BVAR Direct 1/3 Post -1.23 -1.17 -1.00 -1.05 -1.00 -1.06
1/3 Whole -1.01 -0.77 -0.88 -0.97 -0.92 -0.93
2/3 Pre -0.79 -0.80 -0.76 -0.74 -0.79 -0.78

MF-VAR Iterative 2/3 Post -1.09 -1.03 -0.98 -0.92 -1.00 -0.91
2/3 Whole -0.94 -0.91 -0.87 -0.83 -0.90 -0.86
1/3 Pre -0.78 -0.78 -0.72 -0.75 -0.79 -0.77

MF-VAR Iterative 1/3 Post -1.04 -0.98 -0.96 -0.89 -0.99 -0.91
1/3 Whole -0.91 -0.88 -0.84 -0.82 -0.89 -0.84
2/3 Pre -0.79 -0.83 -0.82 -0.89 -0.83 -0.84

MF-BVAR Iterative 2/3 Post -1.24 -1.25 -1.07 -1.09 -0.98 -1.08
2/3 Whole -1.02 -1.04 -0.95 -0.99 -0.91 -0.96
1/3 Pre -0.79 -0.80 -0.82 -0.88 -0.81 -0.82

MF-BVAR Iterative 1/3 Post -1.22 -1.20 -0.99 -1.02 -0.98 -1.05
1/3 Whole -1.00 -1.00 -0.90 -0.95 -0.89 -0.94

The table shows the out-of-sample LPDS obtained from forecasting the GDP growth of the US in different
periods using different variants of the MF-VAR as well as the LF-VAR model for different forecast horizons
by means of different combinations of two predictors. The first column includes the forecasting model, the
second column shows the forecasting method, and the forecast horizon is reported in the third column.
The evaluation period is highlighted in the fourth column. ‘Pre’ refers to the evaluation period from
2000Q1 to 2007Q2, ‘Post’ refers to the period from 2007Q3 to 2014Q2, while ‘Whole’ covers the whole
evaluation period from 2000Q1 to 2014Q2. The LPDS for each of the six different combinations of two
predictors are reported in columns 5 to 10. For the MF-BVAR, the density forecasts are based on 5000
draws from the posterior, while for the MF-VAR and the LF-VAR density forecasts are constructed using
5000 bootstrap replications. A rolling window of 130 quarterly observations and 390 monthly observations
is used where the in-sample estimation starts from 1967Q3 to 1999Q4. All models use 4 quarterly lags.
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Table 7: RMSPE for more than 2 predictors

Model Method h Period IP-PM-EM IP-PM-CF IP-CF-EM PM-EM-CF Best 4 ALL
1 Pre 0.61 0.58 0.57 0.54 0.58 0.61

LF-VAR 1 Post 0.90 0.87 0.86 0.69 0.88 0.86
1 Whole 0.76 0.73 0.73 0.62 0.75 0.74
1 Pre 0.68 0.65 0.63 0.68 0.70 0.88

MF-VAR 1 Post 0.78 0.78 0.74 0.74 0.80 0.96
1 Whole 0.73 0.71 0.68 0.71 0.75 0.92
1 Pre 0.64 0.63 0.61 0.64 0.67 0.75

MF-BVAR 1 Post 0.85 0.79 0.76 0.82 0.85 1.06
1 Whole 0.75 0.72 0.69 0.73 0.77 0.92
2/3 Pre 0.57 0.56 0.55 0.58 0.60 0.90

MF-VAR Direct 2/3 Post 0.80 0.82 0.69 0.76 0.85 1.05
2/3 Whole 0.69 0.70 0.62 0.68 0.73 0.97
1/3 Pre 0.54 0.52 0.55 0.56 0.58 1.07

MF-VAR Direct 1/3 Post 0.80 0.81 0.66 0.75 0.92 0.97
1/3 Whole 0.68 0.68 0.61 0.66 0.77 1.02
2/3 Pre 0.56 0.56 0.53 0.57 0.58 0.60

MF-BVAR Direct 2/3 Post 0.87 0.82 0.72 0.69 0.79 0.78
2/3 Whole 0.73 0.70 0.63 0.63 0.69 0.69
1/3 Pre 0.50 0.55 0.50 0.53 0.51 0.55

MF-BVAR Direct 1/3 Post 0.83 0.76 0.68 0.68 0.75 0.70
1/3 Whole 0.68 0.66 0.60 0.61 0.64 0.63
2/3 Pre 0.55 0.49 0.55 0.57 0.58 1.06

MF-VAR Iterative 2/3 Post 0.78 0.74 0.70 0.77 0.78 0.96
2/3 Whole 0.67 0.63 0.63 0.68 0.69 1.01
1/3 Pre 0.55 0.53 0.55 0.56 0.59 1.02

MF-VAR Iterative 1/3 Post 0.74 0.75 0.67 0.76 0.76 1.08
1/3 Whole 0.66 0.65 0.61 0.66 0.68 1.05
2/3 Pre 0.51 0.53 0.53 0.53 0.57 0.58

MF-BVAR Iterative 2/3 Post 0.83 0.76 0.78 0.69 0.83 0.83
2/3 Whole 0.69 0.65 0.67 0.61 0.71 0.72
1/3 Pre 0.52 0.52 0.52 0.53 0.56 0.54

MF-BVAR Iterative 1/3 Post 0.77 0.71 0.69 0.65 0.77 0.69
1/3 Whole 0.66 0.62 0.61 0.59 0.67 0.62

The table shows the out-of-sample RMSPE obtained from forecasting the GDP growth of the US in
different periods using different variants of the MF-VAR as well as the LF-VAR model for different
forecast horizons by means of 3, 4 and 6 predictors. The first column includes the forecasting model, the
second column shows the forecasting method, and the forecast horizon is reported in the third column.
The evaluation period is highlighted in the fourth column. ‘Pre’ refers to the evaluation period from
2000Q1 to 2007Q2, ‘Post’ refers to the period from 2007Q3 to 2014Q2, while ‘Whole’ covers the whole
evaluation period from 2000Q1 to 2014Q2. The RMSPEs for the different combinations of predictors are
reported in columns 5 to 10. The point forecasts are obtained using a rolling window of 130 quarterly
observations and 390 monthly observations where the in-sample estimation starts from 1967Q3 to 1999Q4.
All models use 4 quarterly lags.
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Table 8: LPDS for more than 2 predictors

Model Method h Period IP-PM-EM IP-PM-CF IP-CF-EM PM-EM-CF Best 4 ALL
1 Pre -1.01 -0.97 -0.96 -0.93 -0.98 -0.98

LF-VAR 1 Post -1.24 -1.20 -1.20 -1.06 -1.21 -1.21
1 Whole -1.12 -1.08 -1.08 -0.99 -1.09 –1.09
1 Pre -1.07 -1.01 -0.98 -1.06 -1.08 -1.35

MF-VAR 1 Post -1.18 -1.16 -1.08 -1.13 -1.18 -1.42
1 Whole -1.13 -1.09 -1.03 -1.10 -1.13 -1.38
1 Pre -.1.01 -0.99 -0.96 -1.00 -1.04 -1.16

MF-BVAR 1 Post -1.23 -1.15 -1.12 -1.19 -1.22 -1.44
1 Whole -1.12 -1.07 -1.04 -1.10 -1.13 -1.30
2/3 Pre -0.93 -0.94 -0.86 -0.89 -0.99 -1.23

MF-VAR Direct 2/3 Post -1.14 -1.16 -0.96 -1.10 -1.11 -1.25
2/3 Whole -1.04 -1.05 -0.91 -0.99 -1.05 -1.24
1/3 Pre -0.86 -0.84 -0.83 -0.85 -0.93 -1.20

MF-VAR Direct 1/3 Post -1.00 -1.10 -0.95 -1.05 -1.06 -1.39
1/3 Whole -0.93 -0.97 -0.89 -0.95 -0.99 -1.30
2/3 Pre -0.87 -0.94 -0.81 -0.86 -0.89 -0.92

MF-BVAR Direct 2/3 Post -1.24 -1.16 -1.05 -0.99 -1.03 -1.05
2/3 Whole -1.06 -1.05 -0.93 -0.93 -0.98 -0.99
1/3 Pre -0.79 -0.84 -0.76 -0.81 -0.79 -0.85

MF-BVAR Direct 1/3 Post -1.18 -1.04 -1.00 -0.98 -1.04 -1.01
1/3 Whole -0.98 -0.94 -0.88 -0.90 -0.91 -0.93
2/3 Pre -0.87 -0.76 -0.87 -0.86 -0.97 -1.37

MF-VAR Iterative 2/3 Post -1.00 -1.03 -1.00 -1.04 -1.07 -1.19
2/3 Whole -0.98 -0.89 -0.93 -0.95 -1.02 -1.28
1/3 Pre -0.83 -0.81 -0.83 -0.82 -0.90 -1.28

MF-VAR Iterative 1/3 Post -1.01 -1.10 -0.97 -1.07 -1.06 -1.40
1/3 Whole -0.92 -0.96 -0.90 -0.95 -0.98 -1.34
2/3 Pre -0.81 -0.82 -0.84 -0.84 -0.92 -0.95

MF-BVAR Iterative 2/3 Post -1.19 -1.05 -1.11 -0.99 -1.13 -1.08
2/3 Whole -1.00 -0.94 -0.97 -0.91 -1.02 -1.02
1/3 Pre -0.80 -0.80 -0.82 -0.82 -0.87 -0.84

MF-BVAR Iterative 1/3 Post -1.15 -0.99 -1.01 -0.96 -1.06 -0.99
1/3 Whole -0.97 -0.90 -0.92 -0.89 -0.97 -0.92

The table shows the out-of-sample LPDS obtained from forecasting the GDP growth of the US in different
periods using different variants of the MF-VAR as well as the LF-VAR model for different forecast horizons
by means of 3, 4 and 6 predictors. The first column includes the forecasting model, the second column
shows the forecasting method, and the forecast horizon is reported in the third column. The evaluation
period is highlighted in the fourth column. ‘Pre’ refers to the evaluation period from 2000Q1 to 2007Q2,
‘Post’ refers to the period from 2007Q3 to 2014Q2, while ‘Whole’ covers the whole evaluation period
from 2000Q1 to 2014Q2. The LPDS for the different combinations of predictors are reported in columns
5 to 10. For the MF-BVAR, the density forecasts are based on 5000 draws from the posterior, while for
the MF-VAR and the LF-VAR density forecasts are constructed using 5000 bootstrap replications. A
rolling window of 130 quarterly observations and 390 monthly observations is used where the in-sample
estimation starts from 1967Q3 to 1999Q4. All models use 4 quarterly lags.
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