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Summary of the thesis

This PhD thesis aims to contribute to dealing with problems that arise when fore-

casting at the current edge. Chapter 2 analyses revisions to German GDP and their

predictability. Chapter 3 develops a distributed lag mixed-frequency VAR model

for conveniently joining variables with mixed-frequencies in a VAR. In chapter 4 we

propose a way how to deal with volatile and noisy high-frequency data and long

lags. Chapter 5 analyses the usefulness of time-varying parameters for forecasting

and if they can improve forecast accuracy in general and in times of crisis.

After an introductory chapter, chapter 2, which is joint work with Jens Boysen-

Hogrefe, examines the predictability of German GDP revisions using forecast ra-

tionality tests. Previous studies on German GDP covering data until 1997 �nd

that revisions of real seasonally adjusted GDP are predictable. This paper uses a

real-time data set to analyze the revisions of real seasonal adjusted GDP, nominal

unadjusted GDP, the seasonal adjustment and the GDP de�ator for the period be-

tween 1995 and 2015. We �nd that the revisions of nominal unadjusted GDP are

unpredictable, but that the revisions of the GDP de�ator and the seasonal adjust-

ment are predictable, especially at the current edge. The high predictability of the

adjustments does not relate to a higher predictability of revisions of real seasonally

adjusted GDP. Nevertheless, we �nd that revisions of German GDP can be predicted

to some degree by using business cycle indicators.

Chapter 3, co-authored with Heiner Mikosch, develops a distributed lag mixed-

frequency VAR model drawing from early literature on distributed lag models. The

xi



distributed lag approach is a convenient way to join variables of mixed frequencies

into a VAR, like quarterly GDP, monthly in�ation and daily interest rates. Our

approach contrasts with other mixed-frequency VAR models which solve the mixed-

frequency challenge by reformulating lower frequency series as latent high frequency

series. While the latent variable approach is straightforward theoretically, it shifts

the burden to the empirical model estimation. Our contribution is to show analyt-

ically how to recast the distributed lag mixed-frequency VAR model into a simple

linear equation system. This system can then be easily estimated and used in em-

pirical applications. An out-of-sample forecasting exercise with US real-time data

yields that the distributed lag mixed-frequency VAR substantially improves predic-

tive accuracy upon a standard VAR. Forecast errors for, e.g., GDP growth decrease

by 30 to 60 percent for forecast horizons up to six months and by around 20 percent

for a forecast horizon of one year.

Chapter 4, written together with Dirk Drechsel, proposes a Bayesian optimal �l-

tering setup for improving out-of-sample forecasting performance when using volatile

high frequency data with long lag structure for forecasting low-frequency data. We

test this setup by using real-time Swiss construction investment and construction

permit data. We compare our approach to di�erent �ltering techniques and show

that our proposed �lter outperforms various commonly used �ltering techniques in

terms of extracting the more relevant signal of the indicator series for forecasting.

Chapter 5 tests the usefulness of time-varying parameters when forecasting with

mixed-frequency data. For this I compare the forecast performance of bridge equa-

tions and unrestriced MIDAS models with constant and time-varying parameters.

An out-of-sample forecasting exercise with US real-time data shows that the use of

time-varying parameters does not improve forecasts signi�cantly over all vintages.

However, since the Great Recession, forecast errors are smaller when forecasting

with bridge equations due to the ability of time-varying parameters to incorporate

gradual structural changes faster.
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Zusammenfassung der Dissertation

Diese Dissertation beschäftigt sich mit Problemen, die beim Prognostizieren am

aktuellen Rand auftreten. Kapitel 2 analysiert Revisionen des deutschen BIP und

deren Vorhersagbarkeit. Kapitel 3 entwickelt ein vektorautoregressives Modell

(VAR), mit dem Variablen unterschiedlicher Frequenz auf einfache Art in einem

VAR Modell zusammengefügt werden können. In Kapitel 4 schlagen wir eine Meth-

ode vor, wie man mit volatilen und verrauschten Daten sowie vielen verzögerten

Werten umgehen kann. Kapitel 5 analysiert die Nützlichkeit von zeitvariierenden

Parametern für Prognosen und ob diese die Prognosegüte einerseits generell und

andererseits in Krisenzeiten verbessern.

Nach einem Einleitungskapitel widmet sich Kapitel 2, welches zusammen mit

Jens Boysen-Hogrefe erarbeitet wurde, der Vorhersagbarkeit von Revisionen des

deutschen BIP unter Zuhilfenahme von Rationalitätstests. Vorherige Studien zum

deutschen BIP mit Daten bis 1997 �nden, dass Revisionen des realen saisonbere-

inigten BIP vorhersehbar sind. Dieses Kapitel verwendet einen Echtzeit-Datensatz

um die Revisionen des realen saisonbereinigten BIP, des nominalen unbereinigten

BIP, des Saisonmusters und des BIP-De�ators für den Zeitraum zwischen 1995 und

2015 zu analysieren. Wir stellen fest, dass die Revisionen des nominalen unbere-

inigten BIP unvorhersehbar sind. Jedoch sind die Revisionen des BIP-De�ators

und der Saisonbereinigung vorhersehbar, vor allem am aktuellen Rand. Die hohe

Vorhersagbarkeit der beiden Bereinigungen übersetzt sich jedoch nicht auf eine

höhere Vorhersagbarkeit der Revisionen des realen saisonbereinigten BIP. Dennoch

�nden wir, dass die Revisionen des deutschen BIP in gewissem Masse mit Hilfe von

Konjunkturindikatoren vorhergesagt werden können.
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Kapitel 3, in Zusammenarbeit mit Heiner Mikosch, entwickelt ein vektorautore-

gressives Modell (VAR) mit unterschiedlichen Frequenzen, das auf der frühen

Literatur zu verteilten verzögerten Werten aufbaut. Dieser Ansatz ist eine einfache

Art, Variablen mit unterschiedlichen Frequenzen, wie das vierteljährliche BIP, die

monatliche In�ation und die täglichen Zinssätze, in einem VAR zu kombinieren.

Unser Ansatz unterscheidet sich von anderen VAR-Modellen mit unterschiedlichen

Frequenzen, die eine niedrigfrequente Reihe als latente hochfrequente Reihe

schätzen um die unterschiedlichen Frequenzen zu kombinieren. Während der

latente Variablenansatz theoretisch einfacher ist, so ist die empirische Mod-

ellschätzung deutlich aufwendiger. Unser Beitrag ist es, analytisch zu zeigen, wie

man unser VAR-Modell mit unterschiedlichen Frequenzen in ein einfaches lineares

Gleichungssystem umwandelt. Dieses System kann dann leicht geschätzt und in

empirischen Anwendungen eingesetzt werden. Eine Analyse der Prognosegüte

mit US-Echtzeit-Daten ergibt, dass unser Ansatz die prädiktive Genauigkeit

gegenüber einem Standard-VAR wesentlich verbessert. Prognosefehler für z.B. das

BIP-Wachstum sinken um 30 bis 60 Prozent für Prognosehorizonte bis zu sechs

Monaten und um rund 20 Prozent für einen Prognosehorizont von einem Jahr.

In Kapitel 4, entstanden in Zusammenarbeit mit Dirk Drechsel, entwickeln wir

einen optimalen bayesianischen Filteransatz um volatile und verrauschte hochfre-

quente Daten mit langer Verzögerungsstruktur zur Vorhersage von niederfrequenten

Daten zu verwenden. Wir testen unseren Ansatz mit einem Echtzeit-Datensatz

von Schweizer Bauinvestitionen und Baugenehmigungen. Wir vergleichen unseren

Ansatz mit verschiedenen Filtertechniken und können zeigen, dass unser vorgeschla-

gener Filter im Gegensatz zu anderen häu�g verwendeten Filtertechniken in der

Lage ist, das relevante Signal aus der Indikatorreihe extrahieren.

Kapitel 5 prüft die Nützlichkeit von zeitvariierenden Parametern für die Prognose

mit Daten unterschiedlicher Frequenz. Dafür wird die Prognosegüte von Brücken-

gleichungen und unrestringierten MIDAS-Modellen mit jeweils konstanten und zeit-

variierenden Parametern verglichen. Ein Test mit US-Echtzeit-Daten zeigt, dass die
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Verwendung von zeitvariierenden Parametern die Prognosegüte über den gesamten

Zeitraum nicht signi�kant verbessert. Seit der grossen Rezession jedoch sind die

Prognosefehler von Brückengleichungen mit zeitvariierenden Parametern geringer.

Dies kann darauf zurückzuführen sein, dass mit zeitvariierenden Parametern allmäh-

liche strukturelle Veränderungen schneller erfassbar sind.
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Chapter 1

Introduction

1.1 Forecasting at the current edge

Economic forecasting is an important decision-making tool for governments, busi-

nesses and central banks in order to formulate �nancial and monetary policy and

strategies. It helps reducing uncertainty about future outcomes and provides a foun-

dation for planning. But when forecasting at the current edge of the data several

problems can arise. One of them is revisions of the underlying data and the question

of how reliable the currently available data are and if they will be revised consider-

ably? Another problem are the di�erent frequencies at which macroeconomic data

are sampled. This leads to the questions of how to incorporate the available higher-

frequency data into econometric models for forecasting lower-frequency data and

how to deal with di�erent publication lags and thus ragged edges of the data. A

third problem when forecasting are potential structural breaks or temporal insta-

bilities in the relationship between macroeconomic variables, which are di�cult to

detect at the current edge of the data with common break tests.
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Revisions

The problem that policy makers and researchers face is that they have to use cur-

rently available data which can be preliminary, partly revised, or �nal. The quality

of preliminary and partly revised data is very crucial, as important decisions rely

on that data. Croushore & Stark (2003) show that data revisions can have sig-

ni�cant e�ects on the empirical results of macroeconomic models. The impact of

revisions on economic and policy analysis is the topic of several papers for example

Bernanke & Boivin (2003), Clausen & Meier (2005), and Gerberding et al. (2005).

Orphanides (2003) concludes that policy makers should make their decisions more

passively and cautiously the larger the noise in the real time data is. Therefore

decision makers need a way to quantify the noise in the available real time data

and, if possible, enhance the preliminary data to conduct an optimal policy. The

concept of news and noise was introduced by Mankiw et al. (1984) and Mankiw &

Shapiro (1986). Noise is a pollution of preliminary estimates of GDP by errors or

measurement de�ciencies by the statistical agency which are corrected in subsequent

revisions. Those measurement errors are uncorrelated with the �nal or true value

of GDP. News in contrast is the arrival of previously not available data which is

then included in the estimates of the statistical agency. Revisions which are due to

news would thus not be predictable while the correction of previous errors or noise

could be predictable. The rationality of GDP announcements and their statistical

properties have been studied intensively in the literature, e.g. Faust et al. (2005),

Fixler & Grimm (2006), Swanson & van Dijk (2006) or Jacobs & van Norden (2011).

Mixed-frequency data

Macroeconomic variables are usually sampled at di�erent frequencies. For instance,

GDP comes at a quarterly frequency whereas in�ation is published monthly and

short term interest rates are quoted at a daily or even higher frequency. The tradi-

tional solution is to simply time-aggregate all higher frequency series to the frequency

of the lowest frequency series in the sample. An econometric model including GDP,
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in�ation and an interest rate will then be at quarterly frequency. Such time aggre-

gation comes at costs. First, any new data release, which occurs within the lowest

frequency, can only be taken into account after the end of each lowest frequency

period. The delayed processing of information impairs forecasts. Second, the time-

aggregation implies peculiar parameter constraints. For instance, a monthly �ow

variable, like industrial production, gets aggregated to the quarterly frequency by

weighting the three monthly observations of a quarter equally with one third. The

equal weights constraint on the parameters attached to higher frequency variables

renders the parameter estimates inconsistent and ine�cient (Andreou et al., 2010).

The problem of how to incorporate data with di�erent frequency sampling in

econometric models has been addressed in the literature in the last decade. A large

number of studies have been published looking at the bene�ts of employing both high

and low frequency data simultaneously in the context of single-equation approaches.

One of those are bridge equations, which have been used for quite some time and

are common in policy organizations due to their simple method and transparency.

The general idea behind bridge equations is to explain a low-frequency variable by

time-aggregated low-frequency lags of a high frequency variable. Early applications

of bridge equations in the literature can be found for example in Ingenito & Trehan

(1996) or Ba�gi et al. (2004) as well at central banks like ECB (2008) or Bundes-

bank (2013).

Another single equation approach to handle time series with di�erent frequen-

cies that is also able to address the problem that arises when accounting for a long

lag structure is mixed data sampling (MIDAS) proposed by Ghysels et al. (2004),

building on Almon (1965). In this approach the high-frequency variable is not time-

aggregated but directly related to the low-frequency variable. As this can lead to

a high number of parameters to be estimated, lag polynomials can be used to de-

crease the necessary number of parameters and then be estimated by non-linear

least squares (Ghysels et al. (2007)). Early applications of this method were mostly

with �nancial data where sampling di�erences are quite big when using daily data,
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for example in Ghysels et al. (2006). More recently MIDAS has also been used on

macroeconomic data for example in Clements & Galvão (2008) and Clements &

Galvão (2009a) or Armesto et al. (2010) and Andreou et al. (2011). Foroni et al.

(2015b) have shown, that if di�erences in frequencies are small, for instance for a

mixture of quarterly and monthly data, an unrestricted MIDAS setup (U-MIDAS)

is equivalent or even superior compared with standard MIDAS setups. An unre-

stricted MIDAS setup requires less computational and modelling e�orts compared

with standard MIDAS setups.

For vector autoregression (VAR) models, the literature has taken a latent vari-

able approach. The general idea is to conceptually assume the mixed frequencies

away by reformulating each lower frequency series as a partially latent high fre-

quency series in a state space framework. The Kalman �lter or, in a Bayesian

context, the Gibbs sampler then provide the possibility to estimate the partially

latent VAR process. Zadrozny (1988, 1990), Kuzin et al. (2011), Bai et al. (2013),

and Foroni & Marcellino (2014) develop state space type mixed-frequency VAR

(MFVAR) models using a non-Bayesian version of the Kalman �lter. Mariano &

Murasawa (2010) present a state space type MFVAR using the EM algorithm, and

Chiu et al. (2012) and Schorfheide & Song (2015) develop state space type MFVAR

models using the Gibbs sampler. Another approach is Ghysels (2012a), building on

Ghysels et al. (2004), which propose a stacked vector type mixed-frequency VAR

(MFVAR) model. Based on this approach, a VAR process of any desired order can

then be modelled including di�erent frequencies. Further, in order to achieve par-

simony, distributed lag or MIDAS style polynomial structures can then be imposed

on the parameter space of the stacked vector type MFVAR. The MIDAS approach

aims to reduce the parameter space while keeping models �exible.

Temporal instabilities at the current edge

Another problem when using up-to-date data are temporal instabilities of the pa-

rameters which are di�cult to detect at the current edge of the data. This di�culty
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can be addressed to some degree by using time-varying parameters where the pa-

rameters follow a random-walk process. A few approaches have been tested in the

literature so far. Carriero et al. (2015) use a Bayesian mixed-frequency regression

model with stochastic volatility and �nd some usefulness of using stochastic volatil-

ity for forecasting US GDP but not when using time-varying parameters. Galvão

(2013) uses a transition function that governs for some parameters the change in

parameters in MIDAS regressions. Guerin & Marcellino (2013) propose a Markov-

Switching MIDAS approach which allows for switches between a small number of

regimes. Schumacher (2014a) analyses MIDAS regressions with time-varying pa-

rameters for Euro area GDP and corporate bonds spreads by using a particle �lter

to deal with non-linearities in the MIDAS equation.

1.2 Objectives and outline of the thesis

This PhD thesis aims to contribute to dealing with those problems. Chapter 2

analyses revisions to German GDP and their predictability. Chapter 3 develops a

distributed lag mixed-frequency VAR model for conveniently joining variables with

mixed-frequencies in a VAR. In chapter 4 we propose a way how to deal with volatile

and noisy high-frequency data and long lags. For this we develop a Bayesian beta

�lter for bridge models. Chapter 5 analyses the usefulness of time-varying parame-

ters for forecasting and if they can improve forecast accuracy in general and in times

of crisis.

Chapter 2 examines the predictability of German GDP revisions using forecast

rationality tests. This study contributes to the literature in three ways. Firstly, it

assesses a new data set on GDP revisions provided by the Deutsche Bundesbank and

thus provides an update compared to earlier studies regarding the predictability of

revisions of real seasonally adjusted GDP growth rates. Secondly, instead of looking

at di�erent revisions intervals (i.e. short- and long-term revisions), we analyze the
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whole revision process. Thirdly, revisions of unadjusted GDP, revisions of price ad-

justments, and revisions of seasonal adjustments are assessed for the �rst time. For

this purpose the real time data set of the Deutsche Bundesbank is enhanced corre-

spondingly. Thus, this study provides a new real time data set on price and seasonal

adjustments. It analyzes the predictability of their revisions and assesses the impact

of adjustments on the predictability of revisions of real seasonally adjusted GDP for

the period between 1995 and 2015. Previous studies on German GDP covering data

until 1997 �nd that revisions of real seasonally adjusted GDP are predictable. We

�nd that the revisions of nominal unadjusted GDP are unpredictable, but that the

revisions of the GDP de�ator and the seasonal adjustment are predictable, especially

at the current edge. The high predictability of the adjustments does not relate to

a higher predictability of revisions of real seasonally adjusted GDP. Nevertheless,

we �nd that revisions of German GDP can be predicted to some degree by using

business cycle indicators.

In Chapter 3 we develop a distributed lag mixed-frequency VAR model drawing

from early literature on distributed lag models. The distributed lag approach is

a convenient way to join variables of mixed frequencies into a VAR, like quarterly

GDP, monthly in�ation and daily interest rates. Our approach contrasts with other

mixed-frequency VAR models which solve the mixed-frequency challenge by refor-

mulating lower frequency series as latent high frequency series. While the latent

variable approach is straightforward theoretically, it shifts the burden to the empir-

ical model estimation. Our contribution is to show analytically how to recast the

distributed lag mixed-frequency VAR model into a simple linear equation system.

This system can then be easily estimated and used in empirical applications. An

out-of-sample forecasting exercise with US real-time data yields that the distributed

lag mixed-frequency VAR substantially improves predictive accuracy upon a stan-

dard VAR. Forecast errors for, e.g., GDP growth decrease by 30 to 60 percent for

forecast horizons up to six months and by around 20 percent for a forecast horizon

of one year.
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In Chapter 4 we propose a �ltering approach for bridge equations when fore-

casting with volatile high frequency data and a long lag structure. Speci�cally, we

augment the bridge equations approach with a Bayesian beta �lter which is designed

to extract all informative signals from the data and to handle very long lags while

keeping parsimony. We test our approach compared to a standard bridge model with

un�ltered data and a bridge model with smoothed data by using established �ltering

techniques. We apply our approach to forecasting Swiss construction investments

with construction permits using a real-time data set from 1993 to 2014. The real-

time nature of the data allows us to account for data revisions and ragged edges.

We �nd that our Bayesian �ltering approach for bridge models clearly beats unre-

stricted MIDAS, standard MIDAS, traditional bridge equations and autoregressive

(AR) models in terms of out-of-sample performance. This result holds irrespectively

of whether the four benchmark approaches employ un�ltered data or data which is

smoothed with standard techniques.

Chapter 5 tests the usefulness of time-varying parameters when forecasting with

mixed-frequency data. This study extends the literature by using time-varying pa-

rameters in both bridge equations and unrestricted MIDAS models. Additionally, we

compare forecast performance of the di�erent models and methods for a long fore-

cast horizon. An out-of-sample forecasting exercise with US real-time data shows

that the use of time-varying parameters does not improve forecasts signi�cantly over

all vintages. However, since the Great Recession, forecast errors are smaller when

forecasting with bridge equations. It could be that economic relationships between

variables have changed since the Great Recession. Thus, the ability to incorporate

gradual structural changes faster by using time-varying parameters can be bene�cial

for forecasting, at least in times of turmoil.
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Chapter 2

The impact of seasonal and price

adjustments on the predictability of

German GDP revisions
1

2.1 Introduction

The problem that policy makers and researchers face is that they have to use cur-

rently available data which can be preliminary, partly revised, or �nal. The quality

of preliminary and partly revised data is very crucial, as important decisions rely on

these data. Croushore & Stark (2003) show that data revisions can have signi�cant

e�ects on the empirical results of macroeconomic models. The impact of revisions

on economic and policy analysis is the topic of several papers for example Bernanke

& Boivin (2003), Clausen & Meier (2005), and Gerberding et al. (2005). Orphanides

(2003) concludes that policy makers should make their decisions more passively and

cautiously the larger the noise in the real time data is. Therefore decision makers

need a way to quantify the noise in the available real time data and, if possible,

enhance the preliminary data to conduct an optimal policy. The concept of news
and noise was introduced by Mankiw et al. (1984) and Mankiw & Shapiro (1986).

1This chapter is based on Boysen-Hogrefe & Neuwirth (2012)
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Noise is a pollution of preliminary estimates of GDP by errors or measurement de�-

ciencies by the statistical agency which are corrected in subsequent revisions. Those

measurement errors are uncorrelated with the �nal or true value of GDP. News in

contrast is the arrival of previously not available data which is then included in the

estimates of the statistical agency. Revisions which are due to news would thus not

be predictable while the correction of previous errors or noise could be predictable.

In their seminal study on the nature of errors in preliminary GNP data, Mankiw

& Shapiro (1986) analyze the revisions of real and nominal seasonally adjusted US

GNP during the period between Q1 1976 and Q4 1982. They check the correlations

and variance of the subsequent revisions and try to predict those using data that was

available at the time of the preliminary announcement. Their main �nding is that

revisions of GNP data cannot be predicted, which implies that preliminary estimates

of the GNP are rational estimates that use e�ciently all available information. This

�nding is challenged by Faust et al. (2005) and Fixler & Grimm (2006), who �nd

predictability of US GDP revisions between 1983 and 2000. They analyze real and

nominal seasonally adjusted GDP and �nd it is possible to predict future revisions

to some degree by using real-time vintage data. Considering economic variables does

not improve predictability substantially. Hogrefe (2008) analyzes US GDP between

1985 and 2003 and �nds, like Fixler and Grimm, predictability of revisions. The

predictability of revisions increases, in comparison to Fixler and Grimm, by using a

mixed frequency approach.

Studies for German data are among other presented by Faust et al. (2005). They

analyze the predictability of revisions of real seasonally adjusted GDP for the G7

countries between Q4 1979 and Q4 1997. They reject the hypothesis that the �rst

estimates are rational for all 7 countries for long-term revisions and short-term re-

visions except for US short-term revisions. They �nd that at least one quarter of

the variance in short-term revisions can be predicted by using information that was

available at the time of the preliminary announcement. The preliminary announce-

ment itself has the biggest impact in their regressions. This is an indication that it
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is mostly noise that drive the revisions. Liedo & Carstensen (2005) provide a model

to decompose revisions into pure news and noise components and analyze US, Ger-

man and euro area real seasonally adjusted GDP/GNP revisions. Their data for

West Germany covers Q1 1962 to 1994 Q4. They �nd that the news component

is the dominating reason, but not the only one for revisions. The news component

is still signi�cant after two and three years, which means that even after such a

long time new data becomes available that is relevant for GDP measurement. They

conclude that it is possible to improve the releases of the statistical agency, as data

revisions are partly subject to noise. All the studies for German GDP deal with

real seasonally adjusted data only. However, Kavajecz & Collins (1995) show that

seasonal adjustment at the current edge can induce noise. The same might be true

for price adjustment. Thus, adjustments may play an important role in assessing the

predictability of data revisions. Until now, studies on the predictability of German

GDP revisions did not incorporate an analysis on the impact of adjustments on the

predictability.

This study contributes to the literature in three ways. Firstly, it assesses a new

data set on GDP revisions provided by the Deutsche Bundesbank and thus provides

an update compared to earlier studies regarding the predictability of revisions of real

seasonally adjusted GDP growth rates. Secondly, instead of looking at di�erent re-

visions intervals (i.e. short- and long-term revisions), we analyze the whole revision

process. Thirdly, revisions of unadjusted GDP, revisions of price adjustments, and

revisions of seasonal adjustments are assessed for the �rst time. For this purpose the

real time data set of the Deutsche Bundesbank is enhanced correspondingly. Thus,

this study provides a new real time data set on price and seasonal adjustments. It

analyzes the predictability of their revisions and assesses the impact of adjustments

on the predictability of revisions of real seasonally adjusted GDP.

We �nd that the revisions of the original series, nominal unadjusted GDP, are

not predictable. We cannot reject the null hypothesis of forecast rationality in

Mincer-Zarnowitz tests for the whole revision process. Revisions of the seasonal
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adjustments and of the price adjustments are to some degree predictable. However,

the predictability is not transferred to the revisions of real seasonally adjusted GDP

growth due to a high negative correlation between revisions to seasonal and price

adjustments. Thus, the predictability of revisions of real seasonal adjusted GDP

growth due to noise is diminished compared to studies on earlier data. The loss of

predictability is also true for the revisions of the seasonal adjustments. This change

in predictability may be due to the changeover from X-11 to X-12 ARIMA that took

place within our sample. We conclude that more accurate procedures for adjusting

data are crucial for the rationality of data announcements as revisions of the orig-

inal data are not predictable and predictability of the revisions of real seasonally

adjusted GDP seems to hinge on the predictability of revisions of the seasonal ad-

justments and the price adjustment. Furthermore, we cannot con�rm the usefulness

of survey data for forecasting revisions, as was noticed by Matheson et al. (2010).

The application of the ifo index following Jacobs & Sturm (2005), who predict re-

visions of industrial production seems at least for the analysis of German GDP not

to add additional information. But we �nd that the predictability of revisions to

real seasonally adjusted GDP can be enhanced by using non-survey business cycle

indicators.

The rest of the paper is structured as follows. Section 2.2 discusses the process of

data revision in Germany and describes our real time data set. Section 2.3 presents

a preliminary analysis of the data and the further course of the analysis. Section

2.4 presents the results of our analysis and section 2.5 concludes.

2.2 Data revision process in Germany and data de-

scription

The German statistical agency (Statistisches Bundesamt) revises GDP estimates

quite frequently. They di�erentiate between ongoing revisions and benchmark revi-

sions. The process of ongoing revisions takes about four years. During this time, the

preliminary estimate of GDP is revised several times as new data becomes available.
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While calculating the �rst estimate of GDP, which is announced in February, May,

August, and November, the data for the other quarterly GDP �gures of that year

are also revised. In August, the preceding sixteen quarters are analyzed and revised

if necessary. After a total of four years the data are considered �nal and will only be

changed when benchmark revisions are made. For earlier estimates the statistical

agency has to use output indicators in order to produce GDP �gures. Later dur-

ing the revision process, it is possible for the agency to access complete corporate

statistics especially cost structure and turnover tax statistics.

Benchmark revisions are done approximately every �ve years to take new meth-

ods, data and statistics into account. Three benchmark revisions took place during

the time period covered by our sample. The last benchmark revision in our sample

was at the beginning of 2005, when the statistical agency introduced a chain price

index that changes every year. Before then, the base year was �xed for several

years. Additionally, from 2005 on, the real GDP has been reported as an index and

the method of measuring banking services (FISIM) was changed to harmonize with

EU methods. In 2000, the Deutsche Bundesbank started to use the Census X-12-

ARIMA method for seasonal adjustment instead of Census X-11. This was done in

order to obtain more reliable results using state-of-the art mathematical methods.

This should allow the statistical agency to reduce the size of revisions. The main

changes in the benchmark revision of 1999 were the switch to a new year as price

base, in this case 1995, and the application of the rules of the European System

of Accounts (ESA). This was done to have common and comparable statistics in

Europe.

In this paper we analyze the revisions to German real seasonally adjusted GDP.

Additionally, we also look at the revisions to nominal unadjusted GDP, the GDP

de�ator and the seasonal adjustment. For this we built a real-time dataset contain-

ing the nominal unadjusted GDP, the real unadjusted GDP and the real seasonally

adjusted GDP. We use data from the real time data base of the Deutsche Bundes-

bank and other sources. The Deutsche Bundesbank supplies real time data sets for
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national accounts, prices, and short-term business cycle and labor markets indica-

tors. The data for real seasonally adjusted GDP as well as for real unadjusted GDP

for the period between Q2 1995 and Q1 2015 are from the database of the Deutsche

Bundesbank. Due to the benchmark revision in 2005 mentioned above, real GDP is

only reported as a chain index since then. This makes it more feasible to analyze the

revisions in growth rates instead of levels, which is consistent with most of the work

in this �eld. As Mankiw & Shapiro (1986) point out, using growth rates instead

of level variables has the advantage that growth rates are mostly stationary. The

vintage data for the nominal unadjusted GDP are also from the data base of the

Deutsche Bundesbank from 2005 onwards. Vintages for the time between 2000 and

2004 were supplied by the German statistical agency. The previous vintage data

are from the Destatis publication �Fachserie 18 Reihe 3�. Due to missing data, some

assumptions for the real unadjusted GDP had to be made, in order to analyze the

revisions for longer horizons. For Q4 1995, the 17th vintage is assumed to contain no

revision compared to the previous vintage. The same holds for the two last vintages

of Q1 1996, Q3 1996, Q4 1996, Q1 1997, Q4 1997 and Q1 1998. These assumptions

should be reasonable as there were no major revisions in the vintages for the other

data.2

From these series we can derive the GDP de�ator and the seasonal adjustment.

The price index of the GDP de�ator is calculated by dividing the levels of nominal

and real unadjusted GDP. As we use only growth rates for our analysis due to the

data issues mentioned above, we calculate quarter-on-quarter growth rates of the

GDP de�ator price index. The seasonal adjustment is obtained by subtracting the

quarter-on-quarter growth rates of real seasonally adjusted GDP from the growth

rates of real unadjusted GDP.

2These assumptions allow us to analyze revisions for 17 vintages but do not drive the results.
Similar results can be achieved when looking at fewer vintages without those assumptions.
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2.3 Preliminary analysis and model description

The summary statistics of the estimates are presented in table 2.2 to table 2.5. They

show that the mean for nominal seasonal unadjusted GDP, the seasonal adjustment

and the GDP de�ator are statistically not distinguishable from zero due to very

high variances. For real seasonal adjusted GDP the mean is positive and signi�cant.

Following Mankiw & Shapiro (1986), if a provisional estimate is an e�cient forecast

of the subsequent estimates and revisions are only due to new information, then

the variance of the subsequent estimates should increase. In contrast, if revisions

are mostly due to measurement errors which are corrected over the course of the

revision process then the variance of subsequent estimates should be decreasing. In

our sample variances decrease slightly during the revisions process for all compo-

nents except real seasonal adjusted GDP, but the di�erences are rather small and

not signi�cant.

Another possibility to analyse the rationality of revisions would be to look at the

revisions themselves. A revision is calculated as the di�erence between the growth

rate in the 17th vintage, which we consider the "�nal" value, and in the previous

provisional estimates for the period t and the estimates at time h. In addition to the
revisions of nominal unadjusted GDP (u) and real seasonal-adjusted GDP (r), we

also calculate those of price adjustments (p) and the seasonal adjustments (s). The

summary statistics for the revisions between the subsequent provisional estimated

are reported in tables 2.6 to 2.9. They show that the means of the revisions are sta-

tistically not di�erent from zero. A mean di�erent from zero would imply a bias in

the revision process (i.e. a positive mean equals a biased under-estimation of GDP).

A zero mean thus implies that there is no bias in the revisions of the four time series.

Further, as a preliminary analysis, we check the correlations between the esti-

mates and the revisions. As Mankiw & Shapiro (1986) state, a correlation between

a provisional estimate and a revision could point to previous measurement errors

while a correlation between the revised estimate and the previous revision would be

evidence for estimates being rational forecasts. When the correlations in the lower
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triangle are zero, this could be an indication for the revisions occurring due to news.

If, in contrast, the correlations in the upper triangle would be zero, this would point

to measurement errors. The correlations for nominal unadjusted GDP are shown in

table 2.10. The results are not clear for both cases. While some revisions seem to

be correlated to all previous subsequent estimates, most are not signi�cantly corre-

lated. Also for the seasonal adjustment, the GDP de�ator and the real seasonally

adjusted GDP the implications of the correlations are inconclusive.3

The preliminary analysis of revisions and the provisional estimates does not give

a clear picture whether revisions of German GDP are due to news or noise. While

the size and variation of estimates and revisions point to revisions not being due to

measurement errors and indicate no systematic bias, the correlation analysis does

not support this. For a clearer picture we conduct forecast rationality tests which

can be used to determine whether the revisions of German GDP are subject to news

or noise. The test used here is the Mincer-Zarnowitz forecast rationality test. In

order to assess the predictability of revisions over time we analyse the subsequent

cumulative revisions between the �rst estimate and the "�nal" data. This way we

can analyze how long potential measurement errors are contained in the revisions.

The corresponding model is given by the equation below:

rf;h;t = yf;t � yh;t = � + �yh;t + ut; (2.1)

where rf;h;t denotes the cumulative revision between the estimate for yt in vintage
h (yh;t) and the "�nal" estimate for yt (yf;t), in our case the 17th vintage. The null

hypothesis of rational estimates corresponds to the restriction on the parameters

� = � = 0. A rejection of this parameter restriction indicates that revisions are

predictable. However, we consider an extended equation that includes additional

information Xt available at the time of the h-th vintage but corresponding to the

time of the �rst estimate:

3As the correlations for the other components do not o�er clear insights and due to the large
amount of tables, the correlations can be found in the appendix.
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rf;h;t = � + �yh;t + 
Xt;h + ut: (2.2)

The �rst model that we estimate (model I) is the simple Mincer-Zarnowitz fore-

cast rationality test. For model II we include two variables which according to the

literature have potential information for the revision process. The �rst is the Ifo

index which according to Jacobs & Sturm (2005) has some information for the revi-

sion process of German industrial production. We use the sub-index for the current

business situation instead of the full Ifo index which also includes a forward looking

component. Following Swanson & van Dijk (2006), we also include the previous

revision history between the �rst and the h-th release (rh;1;t = yh;t � y1;t) in our

analysis. In this way we can also examine whether ine�ciency arises via informa-

tion available in the revision history for a given release of data as well as through

other sources. In a third round (model III) we include other business cycle indi-

cators that are generally in line with prior work. We use, like Mankiw & Shapiro

(1986), an equity index, in this case German DAX performance. As supplemental

business cycle indicators, we use the the �rst estimate of the German CPI, the oil

price (BRENT), short-term and long-term interest rates, the unemployment rate

and monetary aggregates M0 to M3. These time-series are not subject to large re-

visions themselves. The variables used in model III for GDP and the adjustments

were selected via Bayesian information criteria (BIC). The selection of variables was

done for the longer revision horizons (r17;1 � r17;4) and the corresponding selected

variables were used for the shorter horizons. In order to control for the benchmark

revisions explained in section 2.2 we use a dummy variable in all aforementioned

models.

We apply these models for all revision horizons from h = 1; :::; 16 quarters to

assess the predictability over time. In addition to the growth rates of real seasonal

adjusted GDP, we also examine revisions of the growth rates of nominal unadjusted

GDP, the growth rates of the price adjustments, and the seasonal adjustments.

Thus, we examine not only the aggregate typically analyzed in the literature (s.a.,

real GDP) but also its components. All the model estimations are done using OLS.
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2.4 Results

2.4.1 Nominal unadjusted GDP

The forecast rationality test according to model I for the nominal unadjusted GDP

is shown in table 2.11. It con�rms forecast rationality for all revision horizons with

all coe�cients being insigni�cant. The explanatory power of this model is with a

maximum R2 of 5% rather low. In summary, the �rst estimate of the nominal un-

adjusted GDP by the statistical agency does seem to be rational.

The inclusion of the ifo index and the previous revision history in model II do

not change the results signi�cantly.4 All coe�cients still stay insigni�cant. The

additional variables do not allow us to reject the null hypothesis of nominal unad-

justed GDP revisions being due to news. The inclusion of another variable (model

III), in this case the quarterly growth rate of the monetary aggregate M1, changes

the results somewhat. M1 seems to contain additional information for the revision

process for up to 12 quarters ahead with small but signi�cant coe�cients (Table

2.12). This might con�rm previous literature that �nds M1 to be a good indicator

for forecasting GDP like Brand et al. (2003). In conclusion, even though narrow

money seems to contain some information for the revision process of nominal unad-

justed GDP, the revisions seem to be rational and mostly due to new information

and not due to initial measurement errors.

2.4.2 Seasonal adjustment

The Mincer-Zarnowitz test based on model I rejects the null hypothesis of forecast

rationality for revisions of seasonal adjustments (Table 2.13). The provisional es-

timate yh;t is signi�cant for more than two years after the �rst estimate. A high

provisional estimate seems to be revised down by around a third. Even this simple

model can explain 20% of the variation. The additional variables (model II) do not

4Due to a large amount of results only tables are shown if they change compared to the previous
model. All tables can be found in the appendix.
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contain much information about the future revisions of seasonal adjustments. We

were still able to reject forecast rationality for the �rst 9 revisions and the provisional

estimate was still signi�cant. By adding further information that was available at

the time of the provisional estimate (model III) the results change slightly. In ad-

dition to the ifo business situation and the previous revision history we add the

quarterly growth rate of the monetary aggregate M1. In contrast to nominal un-

adjusted GDP, narrow money does not contain much information. The coe�cients

for the provisional estimate turn a bit more negative but the coe�cients for the

monetary aggregate are insigni�cant. In conclusion, the results for the revisions of

the seasonal adjustment do not give a clear indication whether revisions are due to

new information or early measurement errors.

One explanation for the inconclusive results could be a structural break in the

data. As noted above, the Deutsche Bundesbank has been using the Census X-

12-ARIMA method for seasonal adjustment since the �rst quarter of 2000. The

purpose of this changeover was to have a more reliable method and to reduce the

size of revisions. If the new method is successful in reducing the noise in the �rst

estimate, we should see a lower variance in the estimates and revisions that were

made for the estimates since 2000. In order to analyze the e�ect of the changeover

closer, we split our sample at Q4 1999 and look only at estimates and revisions

done before or after the potential break. The mean of both the estimates as well

as the revisions is in both sub-samples not signi�cantly di�erent from zero. But the

variance in the second sub-sample is less than half than the variance in the �rst

sub-sample. This indicates that the changeover to Census X-12-ARIMA ful�lled its

purpose by reducing the variability of revisions. This could introduce a break in our

data. We apply the Chow break test on the general Mincer-Zarnowitz speci�cation

to check for a possible structural break at the �rst quarter 2000 in our sample.

However, we �nd that the changeover from Census X-11 to Census X-12-ARIMA

has basically no impact on the mean regressions.
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2.4.3 Price adjustment

Using model I the Mincer-Zarnowitz forecast rationality test rejects the null hy-

pothesis clearly for the longer revision horizons (Table 2.14). Even with model I

it is possible to predict a considerable fraction of future revisions. The R2 for the

longest revision horizon (p17;1) is around 20%. This result indicates that revisions of

the provisional estimates by the statistical agency for the GDP de�ator are to some

degree driven by noise and the provisional estimate at the time h of the revision has

information about the future revision. This is especially the case for early estimates

for which the coe�cient is rather big and comparable to the revisions of the seasonal

adjustment.

In model II, we enhance the regression equation by introducing the quarterly

change of the ifo Business Situation and the previous revision history. The test still

rejects forecast rationality for longer forecast horizons from p17;1 to p17;12 but the

additional variables do not seem to contain information about the future revision

process. A selection by BIC for additional potential variables did not yield any

results. In conclusion, the revisions of the GDP de�ator seem to contain a certain

amount of noise, which is indicated by the signi�cant coe�cient for the provisional

estimate in the Mincer-Zarnowitz forecast rationality test, and is reduced over the

revision horizon.

2.4.4 Real seasonally adjusted GDP

A revision of the real seasonally adjusted GDP equals the revision of the nominal

unadjusted GDP minus the revisions of the seasonal adjustment and the price ad-

justment. As two of the three components showed some amount of predictability,

the real adjusted GDP revisions should also be predictable, unless the price adjust-

ment revisions and seasonal adjustment revisions cancel each other out.
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The Mincer-Zarnowitz forecast rationality test in model I cannot reject the null

hypothesis of forecast rationality for all revision horizons and the R2 is, compared to

the results presented above, quite low (Table 2.15). These results seem to contradict

the previous results. We continue by adding the ifo Business Situation and the pre-

vious revision history (model II). This enhanced the results only slightly. Both the

ifo Business Situation and the revision history seem to contain no information on

future revisions of real seasonally adjusted GDP. Only the R2 increases slightly. In

model III, we use the unemployment rate, the year-on-year growth rate of M1 and

the quarter-on-quarter growth rate of the DAX as additional indicators. Especially

the unemployment rate and the narrow money aggregate seem to contain informa-

tion on the revision process and are signi�cant for most of the revision horizon. The

results are shown on table 2.16. Additionally, the constant turned signi�cant as well.

The explanatory power of the model increased considerably up to an R2 of 33%. In

summary, it can be concluded, that the �rst estimate of the real adjusted GDP does

not contain measurement errors, as the Mincer-Zarnowitz forecast rationality test in

model I could not reject the null hypothesis. But it seems that the provisional esti-

mates are not e�cient estimates, as subsequent revisions can be explained to some

degree by additional variables that were available at the time of the �rst estimate.

Still, it is surprising that even though the estimates for the seasonal adjustment

and the GDP de�ator contain noise, indicated by the signi�cant coe�cients in the

Mincer-Zarnowitz regressions, the estimates of the real seasonal-adjusted GDP do

not. An explanation could be that the revisions of the seasonal adjustment and

the GDP de�ator are highly negatively correlated. In table 2.1, we �nd that the

correlation coe�cient of -0.86 is highly signi�cant. Thus the initial noise in the

estimates most likely nullify each other, at least until they are not detectable any

more by the Mincer-Zarnowitz test.
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Table 2.1: Correlation between revisions

r171 u171 p171 s171

r171 1 0.16 -0.07 -0.11
u171 1 0.3** 0.17
p171 1 -0.86***
s171 1

Note: * signi�cant at 10 percent level, ** signi�cant at 5 percent level, *** signi�cant at 1 percent

level.

2.5 Conclusion

This paper analyzes the predictability of revisions of German GDP between 1995

and 2015, focussing on the impact of adjustment procedures, namely price adjust-

ment and seasonal adjustment. For this reason, we not only assess revisions of real

seasonally adjusted GDP but also revisions of the price adjustment, the seasonal ad-

justment, and the nominal unadjusted GDP. We conduct forecast rationality tests

on those series in order to distinguish whether the revisions are due to actual news,

which is unpredictable, or noise like measurement errors, which could be predictable.

We �nd that revisions of nominal unadjusted GDP are de facto unpredictable.

Revisions of the two adjustments on the other hand are to some extent irrational and

predictable. Both contain noise in the provisional estimates which take around two

years to vanish in the case of seasonal adjustment and three years in case of the GDP

de�ator. Even simple regression models yield an R2 of around 20%. As revisions

to those two adjustments are highly negatively correlated they seem to cancel each

other out when it comes to revisions to real seasonally adjusted GDP. For revisions

to real seasonally adjusted GDP we cannot reject the null hypothesis of forecast ra-

tionality. But it is questionable whether the estimates are completely e�cient. With

the addition of di�erent business cycle indicators we are able to explain around a

third of the revisions to real seasonally adjusted GDP, especially at the current edge.
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For practitioners, this study provides support for modelling revisions both to

real seasonally adjusted GDP as well as the adjustment procedures, especially at

the current edge of the data. As the in-sample analysis indicates quite some gains

can be made by adding the provisional estimates or business cycle indicators.

2.6 Figures and tables
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Chapter 3

A distributed lag mixed-frequency

vector autoregression model
1

3.1 Introduction

Vector autoregression (VAR) models are a standard tool for macroeconomic fore-

casting. They are easy of use, �exible and able to produce coherent forecasts for

multiple variables. A challenge to joining multiple macroeconomic variables in a

VAR is that macroeconomic variables are usually sampled at di�erent frequencies.

For instance, GDP comes at a quarterly frequency whereas in�ation is published

monthly and short term interest rates are quoted at a daily or even higher fre-

quency. The traditional solution is to simply time-aggregate all higher frequency

series to the frequency of the lowest frequency series in the sample. A VAR in-

cluding GDP, in�ation and an interest rate will then be a quarterly frequency VAR

(QFVAR). Such time aggregation comes at costs. First, any new data release, which

occurs within the lowest frequency, can only be taken into account after the end of

each lowest frequency period. To stick to the above example, a QFVAR does not

allow to consider inter-quarterly in�ation and interest rate releases before the end

of a quarter. The delayed processing of information impairs forecasts. Second, the

1This chapter is based on Mikosch & Neuwirth (2015)

33



time-aggregation implies peculiar parameter constraints. For instance, a monthly

�ow variable, like industrial production, gets aggregated to the quarterly frequency

by weighting the three monthly observations of a quarter equally with one third.

The equal weights constraint on the parameters attached to higher frequency vari-

ables renders the parameter estimates inconsistent and ine�cient (Andreou et al.,

2010).

To overcome the aforementioned drawbacks the literature has taken a latent

variable approach. The general idea is to conceptually assume the mixed frequen-

cies away by reformulating each lower frequency series as a partially latent high

frequency series in a state space framework. The Kalman �lter or, in a Bayesian

context, the Gibbs sampler then provide the possibility to estimate the partially

latent VAR process. Zadrozny (1988, 1990), Kuzin et al. (2011), Bai et al. (2013),

and Foroni & Marcellino (2014) develop state space type mixed-frequency VAR

(MFVAR) models using a non-Bayesian version of the Kalman �lter. Mariano &

Murasawa (2010) present a state space type MFVAR using the EM algorithm, and

Chiu et al. (2012) and Schorfheide & Song (2015) develop state space type MFVAR

models using the Gibbs sampler. While the latent variable approach is straight-

forward and transparent from a theoretical perspective, it shifts the burden to the

model estimation. The estimation of a state space system with multiple latent time

series processes is computationally challenging. The estimation of rich MFVAR spec-

i�cations (multiple variables, multiple lags) is infeasible unless Bayesian prior and

shrinkage techniques are employed. While nothing is to complain about Bayesian

prior and shrinkage techniques themselves, they should be employed to improve the

performance of models, rather than to make the models estimable in the �rst place.

In this paper, we shift the burden back to the analytical pencil and paper work

and take a di�erent approach to modelling multiple mixed-frequency variables in

a VAR. In a �rst step, we propose a stacked vector MFVAR framework which is

general (multiple mixed-frequency variables and multiple frequencies) but designed

to still be compact and tractable. The MFVAR framework comes in a form that
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makes it easily estimable and usable in empirical applications. In a second step,

we augment the MFVAR with a non-linear distributed lag polynomial scheme. The

distributed lag polynomial scheme prevents overparametrization even with long lag

lengths while, at the same time, keeping the regression model �exible. In a third

step, we show how to rewrite the augmented MFVAR into a linear equation system.

While the rewriting of the MFVAR into linear form proves to be analytically de-

manding, the resulting linear equation system itself is transparent and easy to use in

empirical applications. Multiple variables, multiple mixed-frequencies and long lag

lengths prove no challenge. The model parameters can be easily estimated equation

by equation by using standard ordinary least squares (OLS).

MFVARs with multiple high-frequency variables and/or long lag structures face

the following trilemma. If they are left unrestricted they easily run into parameter

proliferation. In contrast, if they are restricted with direct parameter restrictions or

via Bayesian prior strategies they tend to get parametrically in�exible. Further, if

they are restricted with highly non-linear and, hence, �exible polynomial schemes,

estimation becomes cumbersome if not infeasible at all (provided no auxiliary re-

strictions and no �ddling with starting values). A system with multiple highly

non-linear elements in it is too complex for proper estimation even when employing

the most advanced estimation strategies. Against this background, the aforemen-

tioned transformation in linear form can be viewed as the main contribution of our

paper. Due to this transformation the MFVAR (a) is both parametrically �exible

and parsimonious, (b) is easy to estimate and to use in empirical applications even

with multiple variables, multiple mixed-frequencies and long lag lengths, and (c)

can be easily augmented and combined with other methods.

Our paper draws on an older and nowadays less cited literature on distributed lag

models (e.g., Solow, 1960, Jorgenson, 1966, Tsurumi, 1971, Schmidt, 1974, Lütke-

pohl, 1981, Judge et al., 1985, Mitchell & Speaker, 1986, among many others). Dis-

tributed lag models relate a regressand variable to its own lags and/or the lagged

values of one or several other regressor variables, where the regression parameters
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are either unrestricted or restricted with potentially highly non-linear functions.

The purpose of these functions is to reduce the parameter space while keeping the

regression parametrically �exible at the same time. We adopt the Almon lag poly-

nomial originally proposed by Shirley Montag Almon in her seminal Almon (1965)

paper. The Almon lag �gures among the most popular distributed lag functions

in the literature. Comparisons between alternative distributed lag functions in a

single equation context yielded that the Almon lag polynomial is a preferable choice

(Mikosch & Zhang, 2014).

Ghysels (2012a) provides a rich exposition of a stacked vector type MFVAR

model building on previous research on MIxed DAta Sampling (MIDAS) for bivari-

ate single equation models (e.g., Ghysels et al., 2004, Ghysels et al., 2007, Andreou

et al., 2010, Bai et al., 2013, and Foroni et al., 2015b). Our model is similar to

Ghysels' model in some respects and di�erent in other respects. First, we present a

general and still compact MFVAR framework (multiple variables and multiple fre-

quencies), whereas Ghysels limits his exposition to two variables and two frequencies

for reasons of tractability (a low-frequency variable and a high-frequency variable).

Second, when it comes to applying the MFVAR models empirically, we employ al-

ternative speci�cations with few variables or with multiple variables, with short lag

structures or with long lag structures. Rich speci�cations pose no problem due to

the aforementioned transformation in linear form. In contrast, Ghysels examines

various important aspects of mixed-frequency models, but he does not present a so-

lution to the aforementioned trilemma and, as a consequence, his MFVAR is limited

to few variables with few lags.2 Third, Ghysels' and our framework fundamentally

di�er in the way they handle the contemporaneous relationships between variables

with di�erent frequencies. We propose to capture the contemporaneous relationships

via a recursive form MFVAR scheme. Ghysels proposes a scheme that augments a

2Götz et al. (2013) extend the model of Ghysels (2012a) to non-stationary time series. Francis
et al. (2011), Götz et al. (2013), Chauvet et al. (2013), and Foroni et al. (2015a) apply the model
in contexts with two variables.
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reduced form MFVAR with a matrix structure derived from the Cholesky lower tri-

angular decomposition. Fourth, while both papers adopt a stacking strategy, the

stacking is done quite di�erently resulting in di�erent model setups and solutions.

Last, in the empirical application we focus on forecasting, whereas Ghysels mainly

concentrates on impulse response analysis.

In order to test for the empirical usefulness of our MFVAR model, we conduct

an out-of-sample forecast exercise with US real-time mixed-frequency data. The

MFVAR substantially improves forecast accuracy upon a standard QFVAR for var-

ious di�erent speci�cations. Root mean squared forecast errors for GDP growth get

reduced by 30 to 50 percent for forecast horizons up to six months and by about 20

percent for a forecast horizon of one year. For in�ation the gains are even bigger

with improvements of up to 90 percent in the very short run. For forecasts of two

years ahead our model improves forecasts upon a QFVAR by around 20 percent.

Even bigger are the improvements when forecasting the short term interest rate

where the MFVAR is constantly better than a QFAVR for all forecast horizons.

Further, we �nd that the distributed lag augmentation has a distinct advantage for

speci�cations with longer lag structures. For robustness, we compare our MFVAR

model with a Bayesian quarterly-frequency VAR (BVAR). Even though results are

less pronounced, we �nd that generally our MFVAR outperforms the BVAR bench-

mark model in terms of forecast accuracy.

The remainder of the paper is structured as follows: Section 3.2 presents our

MFVAR model. In particular, we show how to recast the distributed lag augmented

MFVAR into a linear equation system that is transparent and easy to use for empir-

ical applications. Section 3.3 describes the out-of-sample forecast evaluation set up

and the real-time data used. In Section 3.4, we analyze the empirical usefulness of

the MFVAR model by means of a forecast exercise with US real-time data. Finally,

Section 3.5 provides conclusions and possible directions of further research.
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3.2 A general distributed lag MFVAR framework

Let there be a set of time series variables of di�erent frequencies. Denote each vari-

able by yi;t�1+�i=Ti where i is the variable subscript with i = 1; : : : ; I and t�1+�i=Ti
is the time period subscript.3 t = 1; : : : ; T denotes the lowest frequency period such

that Ti is the frequency of the i-th variable in each period t, and �i = 1; : : : ; Ti de-
notes the subperiod of the i-th variable in each period t. For instance, when the set

of variables comprises quarterly, monthly and daily variables, t = 1; : : : ; T denotes

the quarters, Ti = 1=3=90 is the frequency of any quarterly/monthly/daily variable

in each quarter t and �i = 1=1; 2; 3=1; : : : ; 90 denotes the quarter/months/days in

each quarter t (assuming that a quarter has 90 days).

For ease of exposition we assume in this section that each variable yi;t�1+�i=Ti

with i 2 f1; : : : ; Ig is released simultaneously with each variable yj;t�1+�j=Tj with

j 2 f1; : : : ; Ig and with t � 1 + �j=Tj = t � 1 + �i=Ti. Further, we assume for ease
of exposition that each variable yi;t�1+�i=Ti is released directly after the end of pe-

riod t� 1 + �i=Ti (no ragged edge). For instance, any quarterly variable is released

directly after the end of a quarter simultaneously with any other quarterly variable

and with any monthly variable observation on the third month of that quarter. Our

empirical application presented in Section 3.4 explicitly models ragged edges and

delayed releases.

The appendix illustrates the MFVAR framework with the simple case of just one

monthly and one quarterly variable.

3We model the time period subscript as t� 1 + �i=Ti in order to let �i denote the �i-th subperiod
in period t. Clements & Galvão (2008, 2009b), e.g., model the time period subscript as t� �i=Ti
so that �i denotes the (Ti � �i)-th subperiod. Both variants are equally possible.
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The stacking approach

We stack all observations of the i-th variable in period t � p with p 2 N0 starting

with the latest observation and ending with the earliest observation to get 4

yi;t�p
Ti�1

�

2

6664

yi;t�p�1+ Ti
Ti

...

yi;t�p�1+ 1
Ti

3

7775
:

Doing this for all I variables yields I variable vectors for period t � p. Next, we

stack these I variable vectors to get

yt�p
PI
i=1 Ti�1

�

2

664

y1;t�p
...

yI;t�p

3

775 :

Further, we lag each element in the variable vector yi;t�p by the period 1
Ti
to get

yi;t�p� 1
Ti

Ti�1

�

2

6664

yi;t�p�1+ Ti
Ti
� 1

Ti
...

yi;t�p�1+ 1
Ti
� 1

Ti

3

7775
:

Doing this for all periods t� p with p = 0; 1; : : : ; P results in P + 1 vectors for the

i-th variable. We stack these P + 1 vectors to get

xi;t
(P+1)�Ti�1

�

2

666664

yi;t�0� 1
Ti

yi;t�1� 1
Ti

...

yi;t�P� 1
Ti

3

777775
:

4In case of the lowest frequency variable, yt�p consists of just one observation.
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xi;t contains all past observations of the i-th variable until (and including) period

t�P . For ease of exposition we set Pi = P for all variables. Our empirical application

presented in Section 3.4 allows Pi to be di�erent for each variable. Iterating the last

two stacking steps for all variables leaves us with I variable vectors x1;t; : : : ;xI;t. In
a last step, we stack these I variable vectors to get the data vector 5

xt
(P+1)�

PI
i=1 Ti�1

�

2

664

x1;t
...

xI;t

3

775 :

Stacked vector mixed frequency VAR

The stacked vectors from the previous subsection build the basis for our stacked

vector mixed frequency VAR framework. In particular, we model each element of

vector yt, namely each yi;t�1+ �i
Ti
, as a regression function of the data vector xt:

yi;t�1+ �i
Ti

1�1

= ai;�i xt + �i;t�1+ �i
Ti

(3.1)

= [ai;�i;1 : : : ai;�i;I ]

2

664

x1;t
...

xI;t

3

775+ �i;t�1+ �i
Ti
:

�i;t�1+ �i
Ti
is an error term, and ai;�i;1, : : : , ai;�i;I are selection vectors de�ned as

ai;�i;j
1�(P+1)�Tj

� [0i;�i;j;1 �i;�i;j 0i;�i;j;2] (3.2)

5Stacking of lagged variables into a vector xt follows Hamilton (1994, p. 292) and Hayashi (2000,
p. 397).
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which relates period �i-observation of the i-th variable to all observations of the j-th
variable with j = 1; : : : ; I.6 The three parts of ai;�i;j are explained in turn.

First, 0i;�i;j;1 denotes a row vector of zero parameters with length Tj � d �iTiTje.
7

This vector of zero parameters relates yi;t�1+�i=Ti to those observations of the j-th
variable which are published simultaneously with or later than yi;t�1+�i=Ti , i.e. in

periods t�1 + �i=Ti; : : : ; t�1 + (Ti�1)=Ti. The reason for setting these relations to

zero is as follows: Any observation which is published simultaneously or later than

observation yi;t�1+�i=Ti cannot be used for forecasting observation yi;t�1+�i=Ti . Hence,

these simultaneous or future observations must be disregarded during the parameter

estimation stage. This can be done by discarding these observations, or by setting

their parameters to zero.

Second, �i;�i;j denotes a row vector of parameters with lengthKi;j � P �Tj+d
Tj
Ti
e:

�i;�i;j
1�Ki;j

� [�i;�i;j;1 : : : �i;�i;j;Ki;j ]: (3.3)

This parameter vector relates yi;t�1+�i=Ti to past observations of the j-th variable

from period Tj � d �iTiTje + 1 until period Tj � d �iTiTje + Ki;j. �i;�i;j will be further
discussed in the next subsection.

Third, 0i;�i;j;2 denotes a row vector of zero parameters with length d �iTiTje�d
Tj
Ti
e.

This vector of zero parameters relates yi;t�1+�i=Ti to those past observations of the j-
th variable which have been published earlier than period Tj � d �iTiTje+Ki;j. Given

the choice of lag length P these observations are too �old� to be considered for

forecasting observation yi;t�1+�i=Ti . Hence, these observations must be disregarded

during the parameter estimation stage. Again, this can be done by discarding these

observations, or by setting their parameters to zero.

6i = j or i 6= j.
7The ceiling function dze � minfn 2 Zjn � zg, where z is a real number and n is an integer from
the set of all integers Z.
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In a next step, we stack the selection vectors ai;1;j, : : : , ai;Ti;j to get

Ai;j
Ti�Tj �(P+1)

�

2

664

ai;Ti;j
...

ai;1;j

3

775 :

Ai;j contains the (zero and alpha) parameters which relate the I observations of

the i-th variable in period t to xj;t, i.e. to all observations of the j-th variable from

period t�P � 1 to period t� 1
Ti
. Then, we collect all I times I matrices Ai;j in the

big matrix

API
i=1 Ti�(P+1)�

PI
j=1 Tj

�

2

664

A1;1 : : : A1;I
...

. . .
...

AI;1 : : : AI;I

3

775 :

Iterating Equation (3.2) for all Ti observations of the i-th variable in period t,
namely for yi;t�1+1=Ti , : : : , yi;t�1+Ti=Ti , yields Ti error terms �i;t�1+1=Ti , : : : , �i;t�1+Ti=Ti .

We stack these error terms to get

�i;t
Ti�1
�

2

6664

�i;t�1+ Ti
Ti

...

�i;t�1+ 1
Ti

3

7775
:

Further iterating the above error term stacking for all variables gives I error term

vectors �1;t : : : �I;t. We again stack these error term vectors to get

�tPI
i=1 Ti�1

�

2

664

�1;t
...

�I;t

3

775 :
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The mixed frequency vector autoregressive (VAR) process then generally writes

2

664

y1;t
...

yI;t

3

775 =

2

664

A1;1 : : : A1;I
...

. . .
...

AI;1 : : : AI;I

3

775

2

664

x1;t
...

xI;t

3

775+

2

664

�1;t
...

�I;t

3

775 ;

or more compactly

yt = Axt + �t: (3.4)

Unrestricted and Almon frequency VAR

The core building blocks of the big matrix A are the parameter vectors �i;�i;j. �i;�i;j
has been generally de�ned in Equation (3.3) and relates yi;t�1+�i=Ti to all past obser-

vations of the j-th variable from period Tj�d �iTiTje+1 until period Tj�d �iTiTje+Ki;j.
8

We model the elements of �i;�i;j in two alternative ways.

First, an intuitive strategy is to regard each element of �i;�i;j as an unrestricted

parameter. Equation (3.2) is then a linear regression equation with
PI

j=1(Tj�d
Tj
Ti
e)

zero restrictions and with
PI

j=1 Ki;j unknown unrestricted parameters. The unre-

stricted parameters in matrix A of Equation (3.4) can thus be easily estimated row

by row via ordinary least squares (OLS). The resulting unrestricted MFVAR is very

�exible in terms of parametrization, but gets overparameterized/looses parsimony

as the number of employed lags grows. Foroni et al. (2012) originally proposed the

unrestricted approach for single equation forecasting models.

Second, following Ghysels and co-authors (e.g. Ghysels et al., 2007, Andreou

et al., 2010) one can regard�i;�i;j as a vector of unknown weights �i;�i;j;1; : : : �i;�i;j;Ki;j ,
where each weight is a function of the unknown parameter vector �i;�i;j and of the

8In case j = i the relation is between observations of the same variable, in case j 6= i the relation
is between observations of two di�erent variables.
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lag index k with k = 1; : : : ; Ki;j. Accordingly, Equation (3.4) can be speci�ed as

yt = A(�;K)xt + �t; (3.5)

where � denotes the space of Almon parameter vectors and K is the lag index space.

We model each weight function as a Almon lag polynomial,

�i;�i;j;k = �i;�i;j;k(�i;�i;j; k) = �i;�i;j;k(�i;�i;j;0; : : : ; �i;�i;j;Q; k) =
QX

q=0

�qkq; (3.6)

where Q 2 N denotes the polynomial order.9

The Almon lag polynomial combines three features which makes it particularly

attractive for a stacked vector mixed frequency VAR. The �rst feature concerns pa-

rameter parsimony: The polynomial order Q determines the number of �-parameters
to be estimated. By setting Q << Ki;j the number of parameters to be estimated

gets reduced. This prevents parameter proliferation or over�tting even for a long

lag length Ki;j. The second feature concerns model �exibility: Even when Q is a

small number the form of the function �i;�i;j;k with respect to k � i.e. the relative

importance of any lagged observation as compared to any other lagged observation

� is �exible and depends on the Almon parameter values �i;�i;j. Figure 3.1 illustrates
this graphically. In practice, �i;�i;j is estimated and, thus, the relative weight of each
lagged observation is optimally chosen by the data.

The third feature concerns estimation: Since each Almon lag polynomial weight

function �i;�i;j;k is highly non-linear in its parameters �i;�i;j, OLS is not feasible for

a direct estimation of the �-parameters in matrix A in Equation (3.5). Further,

since each row of A contains a multitude of Almon lag polynomial weight func-

tions, �i;�i;1;1; : : : ; �i;�i;1;K ; �i;�i;2;1; : : : ; �i;�i;2;Ki;j ; : : : ; : : : ; �i;�i;I;1; : : : ; �i;�i;I;K , even
non-linear optimization methods reach their limits in practice. Speci�cally, each

9The literature knows yet other weight functions (see e.g. Ghysels et al., 2007 )
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Figure 3.1: Almon lag polynomial

y-axis: Almon lag polynomial weight of order Q = 2, �i;�i;j;k(�i;�i;j;0; �i;�i;j;1; �i;�i;j;2; k), attached
to observation yj;t�1+�i=Ti�k=Tj conditional on di�erent values of �i;�i;j;0, �i;�i;j;1 and �i;�i;j;2. See
Equation (3.6). x-axis: k = 1; : : : ; 12 (= �rst to twelfth lag). Sum of weights normalized to one
for ease of exposition.

row of A contains
PI

j=1 Ki;j Almon lag polynomial weight functions. Fortunately,

as we show in the next subsection, when the weight functions are modeled as Al-

mon lag polynomials, Equation (3.5) can be recast such that OLS estimaton of the

�-parameters becomes feasible.

In sum, the use of the Almon lag polynomial brings together three goals which are

often in a trade-o� position to each other: parsimony in terms of parametrization,

model �exibility and feasibility concerning estimation.
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Recasting the Almon MFVAR in linear form

The Almon MFVAR model is both parsimonious and �exible. However, the model

contains a multitude of highly non-linear terms which makes a direct estimation

infeasible. In the following we show how to recast the Almon MFVAR model in a

linear equation system which can be easily estimated via OLS.

Equation (3.6) has de�ned the Almon parameter vector as

�i;�i;j
1�(Q+1)

�
h
�i;�i;j;0 : : : �i;�i;j;Q

i
: (3.7)

We stack the series of Almon parameter vectors �i;�i;1; : : : ;�i;�i;I into

�i;�i
1�I�(Q+1)

�
h
�i;�i;1 : : : �i;�i;I

i
: (3.8)

Further, we de�ne a transformation matrix

Mi;�i;j
(Q+1)�(P+1)�Tj

�

2

666666666664

0i;�i;j;1 1 1 1 : : : 1 0i;�i;j;2
0i;�i;j;1 1 2 3 : : : Ki;j 0i;�i;j;2
0i;�i;j;1 1 4 9 : : : K2

i;j 0i;�i;j;2
0i;�i;j;1 : : : : : : : 0i;�i;j;2
0i;�i;j;1 : : : : : : : 0i;�i;j;2
0i;�i;j;1 : : : : : : : 0i;�i;j;2
0i;�i;j;1 1 2Q 3Q : : : KQ

i;j 0i;�i;j;2

3

777777777775

and condense the series of transformation matrices Mi;�i;1; : : : ;Mi;�i;J into the block

matrix

Mi;�i
I�(Q+1)�(P+1)�

PI
j=1 Tj

� diag(Mi;�i;1; : : : ;Mi;�i;I): (3.9)
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Next, we premultiply the data vector xi;t with the block matrix to get a row vector

of transformed data

x�i;�i;t
I�(Q+1)�1

�Mi;�ixt: (3.10)

Notably, Mi;�i and, hence, also x�i;�i;t is speci�c to the subperiod �i-observation of

the i-th variable. Using Equation (3.10) and the fact that

ai;�i = �i;�iMi;�i

we can rewrite the basic regression equation (3.2) as

yi;t�1+ �i
Ti

= �i;�ix
�
i;�i;t + �i;t�1+ �i

Ti
: (3.11)

We stack the Almon parameter vectors �i;1; : : : ;�i;Ti de�ned in Equation (3.8)

to get

�i
Ti�I�(Q+1)

�

2

664

�i;Ti
...

�i;1

3

775 :

Doing this for each variable index i = 1; : : : ; I yields the series �1; : : : ;�I which can

be stacked to the big Almon parameter matrix

�PI
i=1 Ti�I�(Q+1)

�

2

664

�1
...

�I

3

775 : (3.12)
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Further, upon transposition we stack all transformed data vectors speci�c to the i-th
variable in period t starting with the latest subperiod and ending with the earliest

subperiod to get

X�i;t
Ti�I�(Q+1)

�

2

664

x�0i;Ti;t
...

x�0i;1;t

3

775 :

Iterating the last stacking step for all variables leaves us with I matricesX�1;t; : : : ; X�I;t.
We stack these matrices again to get the transformed data matrix

X�tPI
i=1 Ti�I�(Q+1)

�

2

664

X�1;t
...

X�I;t

3

775 : (3.13)

Next, we de�ne a selection matrix

S
L�L�L

�
�
I(L) � I(L)

�0

where I(L) denotes the identity matrix of size L �
PI

i=1 Ti and where ��� is the

(column-wise) Khatri-Rao product. I. e.

I � I � [Il 
 Il]l ; (3.14)

where l denotes the l-th column of I with l = 1; : : : ; L.10

As is easily seen, the stacked vector non-linear MFVAR from Equation (3.5) can

then be reformulated as

yt = S vec (�X�0t ) + �t: (3.15)

10See Khatri & Rao (1968).
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Using the fact that for any two matrices B with size R� T and C with size U � V

vec(BC) = (C 0 
 I(R)) vec(B);

we further rewrite Equation (3.15) as a linear equations systems

yt = S(X�t 
 I(L)) vec(�) + �t: (3.16)

S(X�t 
 I(L)) with size L� I � (Q+ 1) �L builds the right-hand side data matrix and

vec(�) with size I � (Q+1) �L�1 is the parameter vector. Equation (3.16) conforms

to the standard VAR matrix notation in the sense that each element, yi;t�1+�i=Ti , in

the left-hand side variable vector, yt, is a function of always the same right-hand side
data matrix, namely of S(X�t 
 I(L)). On the other hand, Equation (3.16) deviates

from the standard VAR matrix notation in that the data come in matrix form (but

not in vector form) while the parameters come in vector form (but not in matrix

form).

Importantly, the �-parameters in Equation (3.16) can be easily estimated row by

row via OLS. As each row of S(X�t 
I(L)) contains only I �(Q+1) non-zero elements,
a single row can only be used to estimate I � (Q+ 1) �-parameters in vec(�). Hence,
all rows in Equation (3.16) are needed to fully estimate the I � (Q+1) �L parameters

in vec(�). Upon estimation of vec(�), the �-weights in matrix A of the general

stacked vector MFVAR equation (3.4) can be calculated using Equation (3.6).

3.3 Data and forecast evaluation setup

We apply the previously developed mixed-frequency VAR model to forecasting the

US economy on the basis of a real-time dataset.11 The real-time data used in this

11Notwithstanding the limitation to forecasting in this application, the mixed-frequency VAR
model is equally suitable for impulse response analysis.
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application comprise quarterly real seasonal adjusted GDP as well as the monthly

consumer price index, industrial production and housing starts. Data sources are

the ArchivaL Federal Reserve Economic Data (ALFRED) published by the Federal

Reserve Bank of St. Louis and the Federal Reserve Bank of Philadelphia Real-Time

Data Set for Macroeconomists (RTDSM). In addition, a set of time series that are

not subject to data revisions is employed: the ISM indices for manufacturing and

supplier delivery times, the S&P 500 stock market index, the 3-month treasury bill

yield, the 10-year treasury bond yield, and average weekly hours worked by produc-

tion and supervisory workers. Table 3.1 provides a data overview. The real-time

dataset comprises 383 vintages covering the time frame January 1970 to November

2016. The �rst vintage starts in January 1970 and includes all data available until

the end of January 1985. In order to use a rolling window setup each following

vintage is shifted by one month, i.e. the second vintage starts in February 1970 and

includes all data available until the end of February 1985, and so on.

We forecast at the end of each month. In a �rst step, we estimate the model

using the �rst vintage and forecast all variables 1 to 24 months ahead of release.

We then re-estimate the model using the second vintage and generate again 1 to

24-months-ahead forecasts, and so on. This procedure results for each variable in

a series of h-months ahead forecasts with h = 1; : : : 24 months ahead of the actual

realization of the variable.12 Forecast errors are then calculated by subtracting each

forecast from its actual realization. Finally, the forecast errors are used to calcu-

late a root mean square forecast error (RMSFE) for each variable and each forecast

horizon h.

12Monthly (inter-quarterly) forecasts are also generated for quarterly GDP.
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Table 3.1: Data overview

VARIABLE NAME FREQUENCY REAL TIME SOURCE

Real seasonal adjusted GDP quarterly yes RTDSM

Industrial production index monthly yes RTDSM

Consumer price index monthly yes ALFRED

Housing starts monthly yes RTDSM

ISM manufacturing index monthly no Institute for Supply

(= ISM total) Management

ISM supplier delivery monthly no Institute for Supply

times index Management

Production and supervisory monthly no US Bureau of

workers: Average weekly hours Labor Statistics

S&P 500 stock market index monthly no Thomson Reuters

3-month treasury bill yield monthly no Thomson Reuters

10-year treasury bond yield monthly no Thomson Reuters

� Note on industrial production: For vintages 1997M12 to 1998M10 the data for the time period 1969 to 1970 were not

available. A comparison between the 1997M11 vintage and the 1998M11 vintage suggests that no revisions in the data for

1969 to 1970 have occurred during 1997M12 to 1998M10. Hence, we just �ll period 1969 to 1970 in the vintages 1997M12

to 1998M10 with the data for 1969 to 1970 from vintage 1997M11.
� Note on the consumer price index : For the following periods two vintages were available: 2000M9, 2005M2, 2006M2,

2007M2, 2008M2, 2009M2, 2010M2, 2011M2 and 2012M2. For these cases we use the later vintage publications.
� Note on housing starts: No observations were available for the �rst publication of 1995M11 and 1995M12. We make the

assumption that in these cases no revision took place and use the same values as in the second publication.
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The choice of actual realizations is a delicate issue in real time data contexts

(cf. the discussions in Croushore, 2006, Romer & Romer, 2000, and Sims, 2002).

There have been several benchmark revisions in the time series we use; the latest

revision for GDP occurred in mid-2014 and included a substantial rede�nition of

gross �xed capital formation which accounts for 20 percent of GDP. A forecaster in,

e.g., 1985 could not have predicted such a de�nition change. Therefore, we follow

Romer & Romer (2000), Faust & Wright (2009) and Carriero et al. (2015) and use

the second release of each variable as the actual realization when calculating the

forecast error. As a robustness test we also calculate the forecast errors using either

the �rst release or the third release of the variables leaving the results virtually un-

changed.

In order to reproduce the available information a forecaster would have had at

each forecast date, i.e. at the end of each month m, we need to take di�ering pub-

lication lags � so called ragged edges � into account. For most monthly variables

the (�rst) release for each month is not available directly at the end of that month,

but is published with a time lag of up to one month. We call these variables lag

variables. Hence, when forecasting at the end of a month m the aforementioned

releases cannot be used for forecasting but must be backcasted themselves using

all information available until the end of m. Only the S&P 500 index, the 10-year

treasury bond yield and the 3-month treasury bill yield are available directly at the

end of each month and, hence, can be used for back-, now- and forecasting. The

latter three variables are released daily and are never revised. As stated above, we

time-aggregate the variables to monthly frequency. Equally, for the quarterly vari-

able, namely GDP, the (�rst) release for each quarter q is published with a time lag

of up to one month. Consequently, when forecasting at the end of a quarter q the
releases for quarter q cannot be used for forecasting but must be backcasted using

all information available until the end of q.

The forecast performance of the mixed-frequency VAR model is always measured

in terms of forecast error reduction relative to a benchmark model. Speci�cally, the
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forecast performance for the i-th variable at forecast horizon h is measured by the

relative RMSFE ratio, i.e. the di�erence between the RMSFE of the mixed-frequency

VAR model and the RMSFE of a benchmark model in percent of the RMSFE of the

benchmark model:

100 �

 
RMSFEMFVAR

i;h �RMSFEBM
i;h

RMSFEBM
i;h

!

:

The more negative the relative RMSFE ratio is, the better performs the mixed-

frequency VAR model relative to the benchmark model in terms of predictive power.

In addition to the RMSFE comparisons the Giacomini & White (2006, ch. 3.4) test

of unconditional equal predictive ability is employed to test whether the forecasts

stemming from the mixed-frequency VAR model can be considered as signi�cantly

more accurate than the forecasts from the benchmark model. This is indicated in

the �gures in the results section. Solid lines show signi�cantly di�erent forecast

errors while dashed lines indicate insigni�cant di�erences.

3.4 Empirical results

The following sections present the results of the forecast evaluation outlined in Sec-

tion 3.3. We compare our MFVARs with a standard quarterly frequency VAR (QF-

VAR) and a Bayesian VAR (BVAR) by Koop & Korobilis (2010), where all higher

than quarterly frequency series are time-aggregated to quarterly frequency. We look

at four alternative speci�cation setups: few variables and few lags, few variables and

many lags, higher number of variables and few lags, and higher number of variables

and many lags. Competing MFVARs and QFVARs always have the same amount

of lagged information available. Thus, di�erences in forecast performance between

competing models solely accrue from two sources: how �exible � or parsimonious

� the models are in terms of parametrization, and whether they can incorporate

higher frequency data updates (new releases or revisions).
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3-variable MFVAR with 3-month memory

In a �rst step it might be interesting to see whether our MFVAR models improve

forecasts upon a standard VAR when model speci�cations are kept minimal. Follow-

ing common practice in macroeconomics our minimum VAR speci�cation includes

three variables only: GDP growth, consumer price in�ation and a (3-month) short-

term interest rate (treasury bill rate).

Figure 3.2 presents results for an Almon MFVAR of order 1 and an unrestricted

MFVAR both with one quarterly GDP growth lag, three monthly in�ation lags and

three monthly interest rate lags.13 The benchmark model is a quarterly frequency

VAR (QFVAR) with one quarterly lag of GDP growth, in�ation and interest rate,

respectively. As regards forecasting GDP growth, the two MFVAR speci�cations

reduce the RMSFE signi�cantly by more than 30 percent compared to the QFVAR

for forecast horizons of one to six months. The RMSFE improvement gradually

declines as the forecast horizon increases, but is still substantial for longer horizons:

One year before publication of GDP the MFVAR forecasts are still more than 20

percent better than the QFVAR forecasts. For forecast horizons of 22 months or

longer the MFVARs yield no improvement over the QFVAR anymore. The zig-zag

pattern of the relative RMSFE is due to the mixed frequency structure of our setup:

the MFVAR gets new information every month whereas the data of the QFVAR are

only updated every third month when new quarterly information is available.

For in�ation, the Almon MFVAR and the unrestricted MFVAR yield very high

RMSFE reductions for short forecast horizons (more than 65 percent for months

1 to 3). On the other hand, RMSFE improvements quickly vanish as the forecast

horizon grows. And for forecast horizons of one year onwards the relative change in

the RMSFE decreases again. The reason for this pattern is that the QFVAR forecast

errors initially decrease with an increase in the forecast horizon, but then increase

13When three lags are employed an Almon MFVAR of order 2 delivers identical results as an
unrestricted MFVAR.
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again from a forecast horizon of one year onwards. In contrast, the forecast errors

of the MFVAR slowly and steadily increase as the forecast horizon becomes bigger

(which is what one would expect). When it comes to forecasting the interest rate, the

Almon MFVAR and the unrestricted MFVAR improve forecasts substantially and

signi�cantly for a forecast horizon of up to one year compared to the QFVAR. The

RMSFE reductions reach more the 75 percent for horizons of one to three months.

Forecast improvements gradually decline with an increase in the forecast horizon.

All previous �ndings remain robust when we iterate the forecast evaluation for the

�rst or third GDP estimate instead of the second estimate (see Section 3.3).

Figure 3.2: MFVAR with 3 variables and 3 months of lagged information

x-axis: Forecast horizon, i.e. months prior to GDP growth/in�ation/interest rate release. y-axis:
relative RMSFE ratio.

In contrast to our MFVARs, a QFVAR cannot use inter-quarterly data updates.

So during a quarter, a MFVAR has more information than a QFVAR. Thus, it is

necessary to di�erentiate between the ability to incorporate inter-quarterly data up-

dates and the ability to have a �exible weighting scheme for higher-frequency data.

For this we abstract from ragged edges for now and only look at those vintages when

our mixed-frequency VAR and the QFVAR have the same amount of information,

namely the �rst month of each quarter, when all monthly variables that exhibit

a publication lag are available. For this exercise we use the unrestricted MFVAR

speci�cation presented above, which has the most �exibility. Figure 3.3 shows that

a lot of the improvement in predictive ability is due to the �exible weighting scheme
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that our MFVAR can employ. This is especially true for high-frequency variables

like in this case the short-term interest rate and the in�ation rate. But also for GDP

results are slightly better. This �exible weighting scheme is likely to be even more

important when more high-frequency business cycle indicators are used.

Figure 3.3: Full model and model with only �exible weighting scheme

x-axis: Forecast horizon, i.e. months prior to GDP growth/in�ation/interest rate release. y-axis:
relative RMSFE ratio.

3-variable MFVAR with 6- or 12-month memory

VAR models of higher order than the ones presented in the previous section arguably

achieve better forecasting performance for longer forecast horizons. Thus, it is im-

portant to know whether MFVARs still improve forecasts upon a standard VAR for

speci�cations with longer time series memory. Figure 3.4 shows the results for an

Almon MFVAR of order 1 and an unrestricted MFVAR both with two quarterly

GDP growth lags, six monthly in�ation lags and six monthly interest rate lags. The

benchmark model here is a QFVAR with two quarterly lags of GDP growth, in�a-

tion and interest rate, respectively, where two lags are chosen in order to provide

each competing model with the same amount of lagged information (see Section 3.3).

To allow for even longer memory, Figure 3.5 depicts results for an Almon MFVAR

of order 1 and an unrestricted MFVAR both with four quarterly GDP growth lags,
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twelve monthly in�ation lags and twelve monthly interest rate lags. In accordance

with the above reasoning about the appropriate information set, the benchmark

model now is a QFVAR with four quarterly lags of GDP growth, in�ation and in-

terest rate, respectively. Generally, the RMSFE patterns in Figures 3.4 and 3.5

strongly resemble the patterns in Figure 3.2: the two MFVAR speci�cations yield

substantial improvements in forecast accuracy upon the QFVAR for GDP growth,

in�ation as well as the interest rate. That said, for the 12-month memory speci�ca-

tion the unrestricted MFVAR performs clearly worse than the Almon MFVAR when

it comes to forecasting GDP growth. When the forecast horizon exceeds 13 months

the unrestricted MFVAR forecasts are even less accurate, albeit insigni�cantly, than

the QFVAR forecasts. This �nding is not surprising: unrestricted speci�cations

easily become overparametrized when the lag order grows. As a consequence, the

unrestricted MFVAR is less suitable for � and is actually not meant for � forecasting

with longer lags.

We iterated the analysis with an Almon MFVAR of order 2 (not shown in the

�gures). The RMSFE patterns very closely resemble the patterns of the order 1

Almon MFVAR.
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Figure 3.4: MFVAR with 3 variables and 6 months of lagged information

Figure 3.5: MFVAR with 3 variables and 12 months of lagged information

x-axis: Forecast horizon, i.e. months prior to GDP growth/in�ation/interest rate release. y-axis:
relative RMSFE ratio.

6-variable MFVAR with 3-month memory

The previous minimum scale VAR speci�cations including only GDP growth, in�a-

tion and an short-term interest rate provide us with �rst evidence on the potential of

MFVAR models for forecasting. However, in order to improve predictive accuracy

forecasters usually employ VAR models with more than just the aforementioned

variables. So, do MFVARs still improve forecasts upon standard VARs when more

variables are included? To answer this question we include three additional vari-

ables which are commonly considered to be helpful for now- or forecasting GDP

growth: industrial production in month-on-month growth rates, housing starts in
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year-on-year growth rates and the Standard & Poor's 500 stock market index in

month-on-month growth rates.14

Figure 3.6 depicts results for an Almon MFVAR of order 1 and an unrestricted

MFVAR both with one quarterly GDP growth lag and three monthly lags of the �ve

monthly variables. The benchmark model here is a QFVAR with one quarterly lag of

each of the aforementioned six variables. Thus, as before each competing model has

the same amount of lagged information such that di�erences in forecast performance

cannot accrue from di�erences in the (lagged) information set. The RMSFE patterns

in Figure 3.6 strongly resemble the patterns presented in the previous subsections:

the two MFVAR speci�cations substantially improve predictive accuracy upon the

QFVAR for GDP growth, in�ation and the interest rate.

Figure 3.6: MFVAR with 6 variables and 3 months of lagged information

x-axis: Forecast horizon, i.e. months prior to GDP growth/in�ation/interest rate release. y-axis:
relative RMSFE ratio.

14Indeed, we �nd that a small scale MFVAR (with industrial production, housing starts, S&P
500, GDP growth, in�ation and the interest rate) improves forecast accuracy upon a minimum
MFVAR (with only the latter three variables). Equally, the corresponding small scale benchmark
QFVAR performs better than the corresponding minimum scale benchmark QFVAR. A rigorous
variable selection procedure might deliver small scale speci�cations with still greater forecasting
ability. That said, it is not the goal of this paper to �nd the best model speci�cation. Rather, we
compare MFVARs and standard VARs for several sensible, yet alternative model speci�cations
in order to see whether MFVARs robustly outperform standard VARs.
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6-variable MFVAR with 6- or 12-month memory

The previous section has shown that small scale MFVARs substantially improve

predictive accuracy upon a standard small scale VAR when only very short time

series memory is taken into account (one quarterly lag or three monthly lags). Is

this gain robust to allowing for longer time series memory (which increases the risk

of overparametrization)?

Figure 3.7 (or Figure 3.8) shows the results for an Almon MFVAR of order 1

with two (or four) quarterly GDP growth lags and six (or twelve) monthly lags of

in�ation, the short-term interest rate, industrial production, housing starts and the

S&P 500 stock market index. The benchmark model is a QFVAR with two (or

four) quarterly lags for each of the aforementioned six variables such that each com-

peting model has again the same amount of lagged information (see Section 3.3).

The Almon MFVAR still largely outperforms the benchmark QFVAR in terms of

forecast accuracy at least for shorter horizons. A comparison between the RMSFE

improvements resulting from the longer memory Almon MFVARs in Figures 3.7

and 3.8 with the RMSFE improvements from the 3-month memory Almon MFVAR

in Figure 3.6 yields the following di�erences: Regarding GDP growth, the forecast

improvement vanishes earlier (at a forecast horizon of 16 instead of 19 months)

and turns into a deterioration for higher forecast horizons. In contrast, for in�ation

and the interest rate, the longer horizon forecast improvement is substantially larger.

The predictive accuracy of the unrestricted MFVAR substantially deteriorates

for longer memory small scale speci�cations. Figure 3.7 shows that for a speci�ca-

tion with two quarterly and six monthly lags the unrestricted MFVAR is generally

outperformed by the Almon MFVAR when it comes to forecasting GDP growth,

in�ation or the short-term interest rate (an exception being the very short-term fore-

casts for in�ation and the interest rate). For the speci�cation with four quarterly

lags and twelve monthly lags the forecast performance of the unrestricted MFVAR

is so poor that we do not show it in Figure 3.8. The unrestricted MFVAR does not

help for � and is actually not meant for � forecasting with longer memory because
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of overparametrization. In contrast, the Almon lag polynomial keeps models parsi-

monious despite long lags.

Again, iterating the analysis with an Almon MFVAR of order 2 yields RMSFE

patterns that closely resemble the patterns of the order 1 Almon MFVAR (not shown

in the �gures).

Figure 3.7: MFVAR with 6 variables and 6 months of lagged information

Figure 3.8: MFVAR with 6 variables and 12 months of lagged information

x-axis: Forecast horizon, i.e. months prior to GDP growth/in�ation/interest rate release. y-axis:
relative RMSFE ratio.

12-variable MFVAR with 3-month memory

Using an Almon lag polynomial in a MFVAR setup does not only give an advantage

when using a model with longer memory but also when using a bigger amount of
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variables, both when short or long memories are considered. To show this we in-

crease our variable set by six additional variables, namely the (10-year) long-term

interest rate (treasury bond yield), hours worked by production and supervisory

workers in 3-month growth rates, the ISM index for manufacturing (= ISM total)

in levels, the ISM index for supplier delivery times both in levels and year-on-year

growth rates and the month-on-month growth in housing starts. In order to improve

precision of the parameter estimates we increase the estimation sample by 5 years.

The forecast comparison now starts in January 1990 only instead of January 1985.

Figure 3.9 depicts results for an Almon MFVAR of order 1 and an unrestricted

MFVAR both with one quarterly GDP growth lag and three monthly lags of the

eleven monthly variables. The benchmark model here is a QFVAR with one quar-

terly lag of each of the aforementioned twelve variables giving again each competing

model the same amount of lagged information. The two MFVAR speci�cations sub-

stantially improve predictive accuracy upon the QFVAR for GDP growth, in�ation

and the interest rate over all forecast horizon.

Figure 3.9: MFVAR with 12 variables and 3 months of lagged information

x-axis: Forecast horizon, i.e. months prior to GDP growth/in�ation/interest rate release. y-axis:
relative RMSFE ratio.
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12-variable MFVAR with 6- or 12-month memory

As shown in the previous section the 12-variable unrestricted and Almon MFVARs

deliver a forecast improvement over a 12-variable QFVAR when considering only

a short memory of 1 quarter (3 months). Does this result hold when taking into

account longer time series memories? Figure 3.10 (3.11) shows the relative RMSFE

changes of the Almon MFVAR of order 1 with two (four) quarterly lags of GDP

growth and six (twelve) monthly lags of the aforementioned eleven variables as com-

pared to a QFVAR with two (four) quarterly lags for each of the twelve variables.

The improvement in forecast accuracy of the Almon MFVAR relative to the QFVAR

benchmark is even higher than for the short memory speci�cation shown in Figure

3.9. Apparently, the Almon MFVAR is rather robust against overparametrization,

while the QFVAR tends to get overparametrized with both a large number of vari-

ables and a large number of lags. Not surprisingly, the unrestricted MFVAR su�ers

even more from overparametrization. We do not show the unrestricted MFVAR in

Figures 3.10 and 3.11 because of its very poor relative forecast performance.

Figure 3.10: MFVAR with 12 variables and 6 months of lagged information

x-axis: Forecast horizon, i.e. months prior to GDP growth/in�ation/interest rate release. y-axis:
relative RMSFE ratio.

12-variable MFVAR in comparison to quarterly Bayesian VAR

In the previous sections we have shown that our MFVAR signi�cantly outperforms

a standard QFVAR in terms of forecast accuracy. While this is the case for the
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Figure 3.11: MFVAR with 12 variables and 12 months of lagged informa-
tion

x-axis: Forecast horizon, i.e. months prior to GDP growth/in�ation/interest rate release. y-axis:
relative RMSFE ratio.

Almon MFVAR for all speci�cations, the unrestricted MFVAR only outperforms

the QFVAR for small speci�cations with few variables and lags. The comparison of

the Almon MFVAR with the QFVAR might be considered as unfair as our model

uses the Almon lag polynomial to reduce the number of parameters while the QF-

VAR possesses no shrinkage. For robustness we compare the Almon MFVAR with

the Bayesian quarterly-frequency VAR (BVAR) from Koop & Korobilis (2010). For

shrinkage we use a Minnesota prior.

We �nd that the shrinkage provided by the Minnesota prior is helpful in terms

of producing better forecasts. Still, the Almon MFVAR generally outperforms the

BVAR benchmark model in terms of forecast accuracy. For brevity, we only show the

results for the speci�cation with 12 variables and 6 lags (Figure 3.12).15 Forecasts

for GDP by the MFVAR are still better than forecasts by the BVAR benchmark,

but only between 15 to 20 percent in contrast to around 55 percent in case of the

QFVAR benchmark. For the short-term interest rate and the in�ation rate the Al-

mon MFVAR outperforms the BVAR, especially for very short forecast horizons.

15Further results are available upon request.
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The previous �nding that the Minnesota prior improves forecasts of the quar-

terly frequency VAR indicates that it could be useful to enhance our MFVAR with

Bayesian prior and shrinkage techniques. For mixed-frequencies it is common to use

the latent variable mixed-frequency VAR models cited in the introduction. While

this approach is straightforward and transparent from a theoretical perspective, it

shifts the burden to the model estimation. Estimation of state space systems with

multiple latent time series processes is computationally cumbersome and not fea-

sible for higher frequencies. In contrast, the linearly transformed stacked vector

MFVAR approach o�ers an analytical closed form solution and the equation-by-

equation estimation with OLS can be easily augmented with Bayesian prior and

shrinkage techniques. We leave these steps for further research.

Figure 3.12: MFVAR vs BVAR with 12 variables and 6 months of lagged
information

x-axis: Forecast horizon, i.e. months prior to GDP growth/in�ation/interest rate release. y-axis:
relative RMSFE ratio.

3.5 Conclusion

VAR models are widely used for macroeconomic forecasting and policy analysis (e.g.

Stock & Watson, 2001 and Karlsson, 2013). An initial challenge for VARs is that

the variables they include must have the same frequency, whereas macroeconomic

time series usually come at di�erent frequencies. For instance, GDP is published
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every quarter, in�ation is a monthly variable and interest rates come at a daily or

even higher frequency. The traditional solution is to time-aggregate all variables to

a common frequency. A VAR including GDP, in�ation and an interest rates series

will then be a quarterly frequency VAR. However, the time-aggregation comes with

inconveniences: First, higher frequency data releases can only be taken into account

with a delay. For instance, a quarterly frequency VAR can only consider inter-

quarterly in�ation or other indicator releases after the end of a quarter. Second, the

time aggregation implies a peculiar constraint on the parameters attached to higher

frequency variables which is suboptimal. We �nd that a forecast performance can

be improved by using �exible parameters for the higher-frequency variables.

Against this backdrop, a number of authors have developed VAR models which

can deal with variables of di�ering frequencies. Zadrozny (1988, 1990), Mariano

& Murasawa (2010), Kuzin et al. (2011), Chiu et al. (2012), Bai et al. (2013) and

Schorfheide & Song (2015) propose mixed frequency VAR (MFVAR) models using

a state space approach. Ghysels (2012a) develops a MFVAR using a stacked vector

approach (cf. applications in Francis et al., 2011 and Foroni et al., 2015a). Both

approaches have their merits and promises (Kuzin et al., 2011, Bai et al., 2013 and

Foroni & Marcellino, 2014). We make the following contributions to this emerging

research on MFVARs. First, we propose a general and yet tractable stacked vector

MFVAR framework. Previous expositions are limited to VARs with only two di�er-

ent frequencies for reasons of tractability. Second, we augment the stacked vector

MFVAR with a non-linear Almon lag polynomial scheme (Almon, 1965) which is

designed to prevent overparametrization even with long lag lengths while, at the

same time, keeping the VAR model �exible.16 In turn, we show how to transform

the resulting stacked vector non-linear MFVAR into a linear equation system which

can be easily estimated via OLS. Due to the linear transformation the stacked vector

MFVAR becomes feasible for estimation with multiple variables. Previous stacked

vector MFVARs were limited to only few variables. The reason is that, in absence of

a linear transformation, the non-linear MFVARs had to be estimated directly which

16See a discussion in Judge et al. (1985).
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is cumbersome, if not infeasible, in a VAR context involving multiple variables (pro-

vided no auxiliary restrictions).

Using quarterly and higher frequency US real-time data we test the forecast per-

formance of our MFVAR against a quarterly frequency VAR for various di�erent

speci�cations (three, six or twelve variables, three, six or twelve months of lagged

information). The MFVAR yields root mean squared forecast error reductions of

30 to 50 percent for forecast horizons up to six months and of about 20 percent

for a forecast horizon of one year. For in�ation and interest rates, forecast error

reductions are even bigger. According to our results, augmentation of a stacked

vector MFVAR with an Almon lag polynomial scheme has a distinct advantage for

speci�cations with longer lag structures. While a MFVAR with fully unrestricted

parameters still yields considerable forecast improvements over a standard QFVAR

when using few lags, these improvements vanish almost completely for longer lags.

An Almon augmented MFVAR instead still yields high improvements over a QF-

VAR for longer lags.

The VAR speci�cations in our empirical application are intentionally kept simple.

For instance, each variable's own lags are kept as �exible concerning polynomial

order as its other variables' lags. An optimal model speci�cation procedure with

respect to polynomial �exibility and lag length will boost the predictive power of

the MFVAR. Further, the linearly transformed stacked vector MFVAR could be

estimated using Bayesian methods instead of OLS. This would allow to employ

Bayesian VAR speci�cations with priors that are known to deliver a better forecast

performance than non-Bayesian or �at prior Bayesian VAR speci�cations (see e.g.

Giannone et al., 2015). We leave these steps for future research.

67





Chapter 4

Taming volatile high frequency data

with long lag structure: An optimal

�ltering approach
1

4.1 Introduction

Policy makers need up-to-date information on the state of the economy in order

to timely implement policy actions. Often, publication lags complicate this task,

calling for inclusion of readily available high frequency data into forecasting mod-

els. Bridge models and Mixed Data Sampling (MIDAS) models tackle this issue by

combining high-frequency and low-frequency data for estimation and forecasting.

In this application we investigate how standard MIDAS, unrestricted MIDAS

and bridge equations perform if the required lag length of the high frequency vari-

able is very long and if the data are volatile and noisy. Long lags pose problems for

unrestricted MIDAS (U-MIDAS) models and bridge equations as many parameters

have to be estimated (e.g. Ghysels et al. (2004)). Further, volatile and noisy data

challenge all of the aforementioned model approaches: Restricted MIDAS runs into

1This chapter is based on Drechsel & Neuwirth (2016)
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the problem of forming a proper weighting scheme. Bridge equations su�er from the

noise introduced into the autoregressive forecast of the high-frequency variable.

We contribute to the literature on mixed-frequency data models by proposing a

�ltering approach for bridge equations to circumvent the aforementioned problems.

Speci�cally, we augment the bridge equations approach with a Bayesian beta �lter

which is designed to extract all informative signals from the data and to handle

very long lags while keeping parsimony. We test our approach compared to stan-

dard bridging with un�ltered data as well as bridging with smoothed data by using

established �ltering techniques.

We apply our approach to forecasting Swiss construction investments (low fre-

quency) with construction permits (high frequency) using a real-time data set from

1993 to 2014. The real-time nature of the data allows us to account for data re-

visions and ragged edges. We �nd that our Bayesian �ltering approach for bridge

models clearly beats U-MIDAS, standard MIDAS, traditional bridge equations and

autoregressive (AR) models in terms of out-of-sample performance. This result holds

irrespectively of whether the four benchmark approaches employ un�ltered data or

data which are smoothed with standard techniques.

The paper proceeds as follows: Section 4.2 gives an overview on the relevant

literature. In section 4.3 the used data are explained. The formal model is is

presented in section 4.4. In section 4.5 the real-time estimates are analysed. The out-

of-sample forecasting exercise and the results are presented in section 4.6. Section

4.7 concludes.

4.2 Literature review

The problem of how to incorporate data with di�erent frequency sampling in econo-

metric models has been addressed in the literature in the last decade. A large

number of studies have been published looking at the bene�ts of employing both
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high and low frequency data simultaneously in the context of single-equation ap-

proaches. One of those are bridge equations, which have been used for quite some

time and are common in policy organizations due to their simple method and trans-

parency. The general idea behind bridge equations is to explain a low-frequency

variable by time-aggregated low-frequency lags of a high frequency variable. First,

forecasts of the high frequency variable are generated by using an additional model,

normally an autoregressive process, which are then time-aggregated to the lower

frequency. The estimation of both equations can be easily done by ordinary least

squares (OLS). Forecasts are then done iteratively by using the previously obtained

forecasts. Early applications of bridge equations in the literature can be found for

example in Ingenito & Trehan (1996) or Ba�gi et al. (2004) as well at central banks

like ECB (2008) or Bundesbank (2013).

Another single equation approach to handle time series with di�erent frequen-

cies that is also able to address the problem that arises when accounting a long

lag structure is mixed data sampling (MIDAS) proposed by Ghysels et al. (2004),

building on Almon (1965). In this approach the high-frequency variable is not time-

aggregated but directly related to the low-frequency variable. As this can lead to

a high number of parameters to be estimated lag polynomials can be used to de-

crease the necessary number of parameters and then be estimated by non-linear

least squares (Ghysels et al. (2007)). Early applications of this method were mostly

with �nancial data where sampling di�erences are quite big when using daily data,

for example in Ghysels et al. (2006). More recently MIDAS has also been used

on macroeconomic data for example in Clements & Galvão (2008) and Clements

& Galvão (2009a) or Armesto et al. (2010) and Andreou et al. (2011). More re-

cently Foroni et al. (2015b) have shown, that if di�erences in frequencies are small,

for instance for a mixture of quarterly and monthly data, an unrestricted MIDAS

setup (U-MIDAS) is equivalent or even superior compared with standard MIDAS

setups. An unrestricted MIDAS setup requires less computational and modelling

e�orts compared with standard MIDAS setups.
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Schumacher (2014a) proposed an iterative MIDAS (MIDAS-IT) as a combination

between those two approaches. It di�ers from bridge equations by using the MIDAS

weighting scheme on the right-hand side of the equation instead of a time-aggregated

high frequency variable. The high frequency variable has still to be forecasted by

using a separate model. The di�erence to the MIDAS approach is the iterative fore-

casting method instead of a direct forecast. In his application he �nds no systematic

advantage of any of the three methods proposed methods.

A not �nally clari�ed question when handling volatile high-frequency data in

mixed frequency models is if MIDAS models or bridge equations could bene�t from

the inclusion of �ltering techniques to tackle volatile high-frequency data. Estab-

lished methods for dealing with volatile data are for instance a one-sided simple

moving average or the Hodrick-Prescott-Filter (Hodrick & Prescott (1997)). The de-

composition of the data into trend and cyclical components is one of the workhorse

�lters in economics, but especially for forecasting it leads to some problems due

to being a two-sided �lter (Baxter & King (1999)), but some workarounds have

been suggested in the literature, mainly extending the current edge of the data with

forecasts (European Comission (1995)). This �ltered data can be used in the stan-

dard mixed-frequency models as a benchmark for comparison with more advanced

�ltering techniques (in this application a Bayesian beta �ltering approach).
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4.3 Data

Construction permits issued by municipalities o�er information about upcoming

construction activity as well as its volume. Since most construction activity in

Switzerland requires a permit, these permissions can be utilized to forecast Swiss

construction investments.2

In our analysis we use quarterly nominal, non seasonal adjusted construction

investment as low frequency series and monthly construction permits as high fre-

quency series. For the data on construction investment volumes the sample range

from Q1 1993 to Q4 2014 and is taken from the Swiss State Secretariat for Eco-

nomic A�airs (SECO).3 The data on construction permits range from January 1993

to December 2014 and is available from Dokumedia Baublatt (www.doku.ch). Each

permit contains information on the expected construction volume measured in Swiss

Francs. The series used in our analysis is the sum of nominal construction permits

approved by municipal authorities within Switzerland in the respective month. As

can be seen in Figure 4.1 the data on construction permits are highly volatile with

many spikes. These spikes are caused by large construction permits projects which

drive up the permit series in a month by several hundred million CHF and drop out

the next month again.

The data for construction investment in Switzerland are revised sometimes con-

siderably, as can be seen in Figure 4.2. Thus, we conduct a real-time forecasting

2Construction permit data have for instance been studied by McDonald & McMillen (2000) or
Somerville (2001) for the US or by Lerbs (2012) for Germany. For Switzerland Peters & Wapf
(2007) have investigated the timing of construction applications, permits, and housing starts. On
average it takes 3.3 months for applications to be permitted by authorities.

3Given the share of construction investments relative to GDP in several countries forecasts of
construction investment are of signi�cant importance for decision makers analyzing the develop-
ment of the aggregate economy. In contrast to other industries (e.g. trade, etc.) construction
activities involve a substantial amount of local work in the production process. This substantial
amount is value-adding and in�uences GDP strongly. The import share is lower than in other
sectors. Changes in construction activity thereby are of importance for domestic business cycles
and investment �gures. Roundabout 9% of GDP can be attributed to construction in Switzerland.
Fluctuations in construction thereby strongly in�uence overall investments and thereby GDP.
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Figure 4.1: Construction permits (in nominal Mio. CHF)
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exercise for testing the forecast performance of our model. For this we construct a

real-time data set for vintages starting in January 2005 until December 2014 tak-

ing both into account the state of revisions as well as the publication lag of both

time series. Construction permits are normally available within one month while

the publication lag for construction investment is 3 months.4 In our �rst vintage for

January 2005 we would thus be able to use the construction permits up to December

2004 as well as construction investment until the third quarter 2004.

4Quarterly investment data are published by SECO at the beginning of March, June, September,
December. Construction permission data are published by Documedia Baublatt on the 1st every
month.

74



Figure 4.2: Construction investments, year-on-year growth rates at di�er-
ent vintages
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4.4 A beta �lter approach for forecasting

4.4.1 Formal model description

In order to use a volatile high frequency variable such as construction permits to

forecast a low frequency variable such as construction investments a couple of la-

tent variables have to be estimated: The way how a single permit is mapped into

a construction investment is unknown. Volumes will not be spent entirely at the

initiation of the construction project - the volumes will be spread over an extended

time frame as it takes several months and up to many years to �nish a construc-

tion project. Furthermore, the relationship between independent variable (permit

volumes) and dependent variable (construction investment) is unknown because a)

75



permit holders are not required to realize their permits and to build and b) most,

but not all construction activity require a permit. Therefore construction permits

are only a rough indicator of later realized construction investments.

The combination of unknown distributions and parameters poses problems. The

estimation of distributions becomes computationally feasible if one is willing to se-

lect distributions out of the set of known statistical distributions. Such distributions

are characterized by their moments which can be chosen in such a fashion that the

overall �t of model and data is optimized. By using the beta distribution, the es-

timation strategy reduces itself to retrieve these moments and is made feasible by

reducing the parameter space. This is represented by the weighting equation:

~XHFt =
n�1X

k=0

B(k=n; p; q)~LkHFXHFt (4.1)

where XHFt is a monthly high-frequency variable, ~LkHF a lag operator, ~XHFt the

redistributed high-frequency variable and n the number of desired lags. B represents

a beta distribution, depending on the number of discrete density steps k and the

shape parameters p; q. The Beta distribution has the convenient property that values
cannot be negative (which would be implausible in terms of construction volumes)

and can be written as follows:

B(k=n; p; q) =
1

B
�k+1

n ; kn ; p; q
�
�
x�

k + 1
n

�p�1�k
n
� x
�q�1

(4.2)

Outside of the interval x 2 [0; 1] the function values of f(x) are set to zero.

Shape parameters p; q are strictly positive > 0. The term B
�k+1

n ; kn ; p; q
�
indicates

a restricted Beta function with the upper and lower boundaries k+1
n and k

n

B
�
k + 1
n

;
k
n
; p; q

�
=

�(p)�(q)
�(p+ q)

�
k
n
�
k + 1
n

�p+q+1

(4.3)
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where � represents a Gamma function:

�(z) =
Z 1

0
uz�1e�udu (4.4)

The redistributed high-frequency variable ~XHFt is then time-aggregated to the

lower frequency and can then be plugged into the standard bridge equation as ~XLF
HFt :

�Yt = c+
pX

i=1

�iLi�Yt + 
� ~XLF
HFt + �t: (4.5)

�Yt are observed quarterly year-over-year construction investment growth rates,

c is a constant, p is the desired lag length of the autoregressive term with the coef-

�cients �i to be estimated, Li is a lag operator, 
 is the coe�cient associated to the

redistributed construction permit series and ~XLF
HFt are the time-aggregated quarterly

redistributed construction permits at time t which are used as year-on-year growth

rates, indicated by �.

4.4.2 Estimation strategy

By utilizing a Gibbs sampler the bridge equation parameters  = (c; �1; :::; �p; 
)
are drawn from a Normal-Gamma distribution given the Beta distribution shape

parameters p; q. Proposals for p; q are drawn in a Metropolis-within-Gibbs sampler

step.5 Random walk candidate draws for � = (p; q) are generated by

5A Bayesian Metropolis-within-Gibbs sampler setup for an estimation of a MIDAS regression has
for instance been employed by Ghysels (2012b), Ghysels & Owyang (2011) and Rodriguez &
Puggioni (2010). In contrast to Rodriguez & Puggioni (2010), we do not impose prior values on
the lag structure of beta distributions. In contrast to Ghysels (2012b), we employ a Random-
Walk Metropolis Hastings step, while they draw from candidate densities utilizing importance
sampling. While Rodriguez & Puggioni (2010) employ Bayesian model selection to identify the
model �tting the data best based on marginal likelihoods, we consider the joint distribution of
prior and likelihood over all models visited by the algorithm to �nd the expected mean parameters
values �tting the data.
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�� = �(s�1) + z (4.6)

with s being the number of the current draw, s � 1 indicating the previous

accepted draw, and �� the new draw. Innovations z are determined by drawing

random numbers from a Normal density with mean �(s�1) and covariance-matrix

��, which is chosen to yield acceptance ratios between 0.2 and 0.6 for each shape

parameter. The shape parameters p; q are drawn independently of each other, but

are jointly accepted or discarded in each iteration. Draws will be accepted based on

their acceptance probability:

�(�(s�1); ��) = min
�

p(� = ��jy;  )
p(� = �(s�1)jy;  )

; 1
�

(4.7)

Thus if the posterior of the new draw given the data y and the parameters  is

higher than the posterior of the previous draw the new draw will be accepted with

probability 1. If the posterior of the new draw is lower than the posterior of the

previous draw the new draw will only be kept if the ratio of the new posterior and

the posterior evaluated at the previous step is higher than a random number drawn

from a uniform distribution between 0 and 1. I.e. even if the posterior declines and

the new draw has a lower probability it will be kept if it is not too unlikely. This

ensures, that the Metropolis-Hastings algorithm walks over the entire parameter

space even into regions with lower probability while taking more draws in regions

with high probability, i.e. where the posterior is highest.

4.4.3 Forecasting strategy

Once the beta shape parameters have been drawn, the coe�cients of the bridge

equation regression can be drawn. For each set of coe�cients a forecast Ŷs is

calculated. The median forecast for each forecasting horizon is the result of
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Ŷ = median
(s)2S

Ŷs(�(s);  (s)) (4.8)

where S is the number of draws.6 Forecasts will be generated for a nowcast and

up to four quarters ahead. A nowcast for the unknown yt (due to the publication

lag) is estimated by using the drawn parameters and relying on observed investment

values yt�1,..., yt�4 and redistributed construction permits for t.7 The forecasts are

done iteratively, so the forecast for Ŷt+1 uses the drawn parameters with both the

nowcast Ŷt as well as the past observed values yt�1, yt�2, yt�3 and the redistributed

construction permits for period t+ 1:

�Yt+1 = c+
pX

i=1

�iLi�Yt+1 + 
� ~XLF
HFt+1

: (4.9)

In contrast to bridge models or the MIDAS-IT approach without leads by Schu-

macher (2014a), which generate high frequency variable forecasts by employing a

simple AR model, the forecasts by the beta �ltering approach for the high frequency

variable ~XHFt are done by rescaling the truncated density function to correct for

missing probability mass and re-weighting the remaining high-frequency observa-

tions:

~XHFt+h =
1

Pn�1
k=h B(k=n; p; q)

n�1X

k=h

(B(k=n; p; q)~LkHFXHFt): (4.10)

4.5 Real-time parameter estimates

In order to check if the estimation results are stable over time we analyse the distri-

bution and estimation parameters of the real-time estimation. The mean coe�cients

6In our setting 200,000 draws minus 160,000 burn in, divided by 10 to adjust for autocorrelation
in the draws.

7In January, February, April, May, July, August, October, November the previous quarter invest-
ment values have not been published yet. Therefore also a backcast for the previous quarter has
to be estimated.
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for the shape parameters p; q over all vintages can been seen in �gure 4.3. The shape
parameters were mostly stable over all vintages between 4.5 and 5 for the �rst pa-

rameter p and between 2.5 and 2.8 for the second parameter q.

Figure 4.3: Real-time coe�cients of beta distribution

In June 2014 the beta shape parameters dropped considerably, probably to a

very high �rst estimate of construction investment for the �rst quarter 2014 of 12:4%
year-on-year growth which was shortly afterwards revised down to 3:7% during an

extensive revision of the whole history of construction investment. This led to a

shift of the distribution mean to the right, i.e. extending the time until construction

permits are actually e�ective for construction investment.

The mean shape coe�cients can be displayed as Beta distribution for example

with p = 5 and q = 2:7 in �gure 4.4. The estimated beta distribution gives little

weight to the �rst observations but rises rapidly thereafter, reaching a climax after
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Figure 4.4: Beta distribution

�ve years and quickly reducing its weight structure thereafter. Such a weight struc-

ture might be the consequence of the long time it takes for construction to start

after the actual permit was issued. Furthermore, the lag structure of large projects

is very long, implying a longer duration of construction projects.

Using the beta-�ltered real-time series to depict the estimated coe�cients for the

bridge equation shows a varying picture over the real-time vintages (see �gure 4.5).

This �gure shows that the constant as well as the coe�cient for the redistributed

permit data are more or less stable over all vintages. The autoregressive terms of the

bridge equation exhibit more variation, which could be attributed to major revisions

or surprising releases of construction investments. Before June 2012 the coe�cients

for Lag 3 and Lag 4 are basically not statistically distinguishable from zero. The

story changes for vintages until September 2014. In June 2012 the �rst release of

negative construction investment growth rates was published for Q1/2012 (a drop
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by more than -10%). Until September 2014 negative growth rates for construction

investments were published by the statistical o�ce (see also �gure 4.2). In October

2014 the construction investment growth rate for Q1/2012 was revised to +1.5% - an

upward revision by more than 11 percentage points compared to the �rst estimate

which now indicates more a boom than a slump. This could also explain the slight

decrease in the coe�cient for the redistributed permits and the sudden increase of

the coe�cient in October 2014.

Figure 4.5: Real-time mean coe�cients of the bridge equation
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4.6 Out-of-sample tests

4.6.1 Benchmark model setup

We employ four di�erent benchmark models for the forecast comparison with the

bridged MIDAS model. Namely we use a simple autoregressive model, a bridge

model, a MIDAS regression with an Almon lag polynomial for parameter reduction

and an unrestricted MIDAS regression to compute forecasts, which will be covered

in more detail in the following sub-chapters.

Autoregressive model

We use a simple autoregressive model as benchmark model for the construction

investment. An autoregressive model is speci�ed using the formula

Yt = c+
pX

i=1

�iLiYt + �t;

where Li indicates a lag function ranging from 1 to the desired lag length p and
�i the parameter for each ith lag of variable Yt. �t is an error term. Forecasts of

Ŷt+1, Ŷt+2,..., Ŷt+h are done iteratively by plugging in the previously forecast values,

i.e Ŷt+2 = c+ �1Ŷt+1 + �2Yt + :::+ �pYt�p+2.

Bridge model

Additionally we also use a simple bridge model, which enables us to enhance the

autoregressive model with monthly information. This approach is separated into

three steps. Firstly, we specify a model using the own lags of the quarterly variable

Yt as well as the time aggregated quarterly values of the monthly variable Xq
t . This

is de�ned as follows:

Yt = c+
pX

i=1

�iLiYt +
nX

j=0


jLjXq
t + �t
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In a second step, using only a monthly variable and an autoregressive model,

forecasts of the monthly variables are computed, as speci�ed in the previous sub-

section. The monthly variable and the respective forecasts are time-aggregated to

quarterly frequency and plugged into the above speci�cation in order to compute

forecasts of the quarterly variable. The forecasts are again computed iteratively.

By aggregating the high-frequency variable to the lower frequency potential infor-

mation is lost because time averaging assumes that each high-frequency observation

Xt inside a low frequency period receives the same weight. It could be possible

that for instance the �rst observation of Xt should get a higher weight in the time

aggregation than the others. Thus, potential information is lost due to this process.

MIDAS

Ghysels et al. (2004) introduced the MIDAS approach. This approach circum-

vents the problem of time averaging by approximating the parameters of each high-

frequency observation of the high frequency variable Xt with a polynomial function

�(k;!). As benchmark model we use a MIDAS model with a non-exponential Al-

mon lag polynomial, which is quite �exible but at the same time still maintains

parsimony. Additionally the non-linear weighting function can be transformed back

into linear form, which allows the model to be easily estimated by using OLS. The

approximation of the high-frequency observations is done for K = n �m lags, which

depend both on the number of high frequency periods inside the low frequency pe-

riod m as well as the number of low frequency period lags n. For instance, if Xt

were a monthly variable and Yt a quarterly variable, then m = 3. The model is

speci�ed with respect to the desired forecast horizon h. The aim is to �nd the spec-

i�cation that would have predicted Yt h quarters before. Thus the MIDAS equation

for growth Yt+h in period t+ h would be de�ned as:

Yt+h = c+
pX

i=0

�iLiYt + 

KX

k=0

�(k;!)Lk=3Xt+l + �t+h
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Lk=3 is a lag operator for monthly variables which is de�ned as Xt�1=3 = L1=3Xt

and l an is de�ned as the lead of the high-frequency variable on the low-frequency

variable. Thus, the forecasts are done directly by plugging the most recent data into

to the formula using the estimated parameters for each forecast horizon h.

U-MIDAS

The unrestricted MIDAS approach was promoted by Foroni et al. (2015b). Instead

of approximating the parameters of each high-frequency observation of the high fre-

quency variable Xt, this approach estimates the weights as unrestricted parameters.

This allows for even more �exibility than the MIDAS approach. But in contrast U-

MIDAS approach does not maintain parsimony. Depending on the frequency of the

high-frequency variable, this approach can easily be over-parametrized. But when

frequency di�erences are small as with macroeconomic data the results of the U-

MIDAS are similar or even slightly superior to the MIDAS approach. The functional

form of the U-MIDAS is de�ned as:

Yt+h = c+
pX

i=0

�iLiYt +
KX

k=0


kLk=3Xt+l + �t+h

4.6.2 Benchmark results

Our aim is to forecast the quarterly year-on-year growth rate of nominal construc-

tion investments up to one year ahead using the construction permits and investment

data that were available at the moment of the forecast. In order to test the forecast

performance of our model we conduct a real-time experiment using Vintages from

January 2005 until December 2014. For each of the vintages we conduct a nowcast

for the quarter of the vintage as well as one to four step-ahead forecasts.

85



In order to evaluate the forecast performance of our model we take several steps.

First we compare those forecasts with a simple autoregressive model, which uses

the same amount of information as the bridge model with our redistributed data,

namely 4 quarterly lags. In a second step we produce forecasts for Swiss construction

investment using Swiss building permit data as additional information, but in its

original form. For this we use di�erent benchmark models, namely a bridge model,

a standard MIDAS setup and an unrestricted MIDAS (U-MIDAS) as explained in

section 4.6.1. All models have the same quarterly information as our model, but as

the bridge model and especially the U-MIDAS tend to become over-parametrized

quite fast, we also restrict the lagged information of the high frequency variable to

one year. The Almon-MIDAS can use more lagged information due to the reduction

of the parameter space by using an Almon lag polynomial. Thus we use the same

lag length as in our baseline model (84 monthly lags). In a third step we use a

Hodrick-Prescott �lter for smoothing the high-frequency data, both in its simple

form and with an adjustment for endpoint problems. In a �nal step we compare the

forecast performance of our setup with a moving average for the high-frequency data.

To compare the forecast performance of the di�erent models we calculate the

relative root mean squared forecast error (RMSFE) for each model and forecast

horizon h which is de�ned as:

�RMSFEh = 100 �

 
RMSFEBeta �ltered

h �RMSFEBenchmark
h

RMSFEBenchmark
h

!

:

We refer to �RMSFEh as the relative change in the RMSFE. The more negative

�RMSFEh is, the better performs our setup relative to the respective benchmark

model in terms of predicitive power.

The following results are robust for di�erent lag speci�cations. When using

more monthly lags for the bridge model and the U-MIDAS the models will be over-

parametrized and their forecast performance thus decrease further. Fewer monthly
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lags do not improve the forecast performance signi�cantly. The results are also

robust when using 72 or 96 monthly lags for beta-�ltered data, moving average

and Almon MIDAS. Additionally the results don't change signi�cantly when using

di�erent growth rates for the high frequency variable, i.e. month-on-month growth

instead of year-on-year growth.

Autoregressive process

In order to test if the inclusion of the high-frequency building permit data actually

delivers any additional information we �rst test the forecast performance of a bridge

model including the beta-�ltered data compared to a simple autoregressive process

with 4 lags (AR(4)). As can be seen in �gure 4.6 the �ltered data improve upon the

AR(4) model for the whole forecast horizon. The relative RMSFE actually decreases

for a longer forecast horizon, which means the forecast errors of the model including

the beta-�ltered data are even smaller compared to the AR(4) for forecasts up to

one year ahead.

Figure 4.6: Relative RMSFE to autoregressive model

87



Un�ltered Data

In this section we test if the �ltering of the data using our method leads to an im-

proved forecast performance compared to using the original data. For this we look

at three standard mixed-frequency forecasting models. As indicated above bridge

models and the unrestricted MIDAS are not able to cope with long lags which is

why we restrict the lags for those models to 4 quarterly and 12 monthly lags. The

Almon MIDAS in contrast uses the same amount of information as the bridge model

with the �ltered data, i.e. 84 monthly lags. As can be seen in �gure 4.7 the addi-

tion of the original permit data seems to give at least some additional information

compared to AR(4) model in �gure 4.6. The relative RMSFE of the bridge model,

which includes the permit data, aggregated to quarterly frequency, yields a slightly

lower forecast error than the AR(4) model, i.e. the relative RMSFE is slightly better

when both are compared to the bridge model using the beta-�ltered data. In con-

trast, both the unrestricted MIDAS model as well as the Almon MIDAS model do

not seem to be able to get a good signal from the original data. While the relative

RMSFE of the UMIDAS model compared to the bridge model using the beta-�ltered

data is constantly below zero, the relative RMSFE of the Almon MIDAS model is

at least for the nowcast horizon close to zero but drops rapidly afterwards. In

conclusion, the addition of the original permit data can lead to small increases in

forecast performance as long as the model is able to get a useful signal from the data.

HP-�ltered Data

A method to extract a useful signal from volatile data is �ltering the data. One of the

most used �lters is the Hodrick-Presscot Filter (Hodrick & Prescott (1997)). This

allows a decomposition of the data into a trend and a cyclical component. For the

use of the HP-�lter with monthly data we use a � of 129,600 as suggested by Ravn &
Uhlig (2002). We use the trend component as high frequency variable for forecasting.

As can be seen in �gure 4.8 the forecast performance of the bridge model and the

Almon MIDAS improve slightly when compared to the usage of the un�ltered data
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Figure 4.7: Rel. RMSFE to benchmark models with un�ltered data

in the previous subsection. The relative RMSFE of those two benchmark models is

nevertheless still clearly below zero and thus performs worse than the bridge model

using the beta-�ltered data. The UMIDAS seems to have severe problems dealing

with the HP-�ltered data. This is due to very high collinearity due to the low vari-

ation in the trend component of the �ltered data between monthly observations.

The HP-�lter has well known endpoint problems ((Baxter & King (1999))). This

stems from the fact that the smoothed series at the beginning and the end of the

time series tends to be close to the observed data. A general workaround is to use

forecasts for several observations ahead in order to produce a better smoothing at

the current edge of the data. In our case the mediocre results of the HP-�ltered data

could be related to this problem. Thus, we use a simple autoregressive process to

forecast the high frequency data in order to get more reliable smoothing results. The

outcome can be seen in �gure 4.9. The forecast performance actually worsens when

compared to the HP-�lter without correction for endpoint problems. The relative
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Figure 4.8: Rel. RMSFE to benchmark models with HP-�ltered data

RMSFE is more negative for bridge models and the Almon MIDAS. It seems that

autoregressive forecasts when using very volatile data are not advantageous.

Moving average

Another standard method for smoothing volatile data is to use a moving average of

the data, which is closest to our method. But instead of having a separate weight

for each high frequency observation a moving average gives all past observations the

same weight. The basic analysis uses seven years or 84 months of past data, thus

each monthly observation would get a weight of 1/84. The forecast is done in the

same manner as with the beta �lter by re-weighted the remaining observations.

The result can be seen in �gure 4.10 which shows the relative RMSFE of a bridge

model using the moving average data and the bridge model using the beta �ltered

data. When nowcasting using moving average data does seem to give slightly smaller

forecast errors, for longer forecast horizons the model using the beta-�ltered data
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Figure 4.9: Rel. RMSFE to benchmark models with adjusted HP-�ltered
data

clearly outperforms the moving-average data. It seems that the weighting scheme of

the beta-�ltering enables us to make better forecasts by correctly re-weighting the

past observations.

4.7 Conclusion

To study the usefulness of a Bayesian beta �ltering approach for a setup with a long

lag structure of a volatile high frequency variable to forecast a low frequency we ap-

ply beta �ltering approach on construction permit and investment data. Quarterly

estimates of construction activity are subject to a substantial publication lag, thus,

timely available construction permits can give policy makers an early indication on

the state of the construction sector.
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Figure 4.10: Relative RMSFE to moving average

As construction permits can contain information for several years ahead and dis-

play a volatile structure, they can pose a problem for traditional mixed-frequency

approaches even when using standard �ltering methods. To deal with the special

structure of the data we construct a Bayesian beta �ltering setup which allows us to

use both long lags and is at the same time able to �lter a usable signal from the data.

To test the forecast performance of our model we conduct a real-time exper-

iment using vintages from January 2005 until December 2014. We compare the

out-of-sample forecast performance of our model with di�erent benchmark mod-

els, namely a simple AR-process, a bridge model, an unrestricted MIDAS and a

restricted MIDAS using an Almon polynomial for the reduction of the parameter

space. The beta �ltering approach clearly improves the forecast accuracy upon an

AR-model from 10% for shorter forecast horizons to more than 25% for longer hori-

zons. While the inclusion of permit data in standard mixed-frequency models leads

to small improvements in the forecast performance compared to the AR-model, they

are still clearly outperformed by our beta �ltering approach, especially for longer
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forecasting horizons. This result also holds when pre-�ltering the data with a HP-

�lter, although the forecast performance of the benchmark models slightly increases.

Also the application of a one-sided moving average yields a weaker forecast perfor-

mance, especially for longer forecast horizons. The speci�c structure of construction

permit data seems to contain mostly noise for traditional models while the Bayesian

beta �lter can still use the contained information.
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Chapter 5

Time-varying mixed frequency

forecasting: A real-time experiment
1

5.1 Introduction

Economic forecasting is an important decision-making tool for governments, busi-

nesses and central banks in order to formulate �nancial and monetary policy and

strategies. It helps reducing uncertainty about future outcomes and provides a

foundation for planning. But when forecasting at the current edge of the data

forecasters face the challenge of using macroeconomic data which are sampled at

di�erent frequencies. This lead to the emergence of models that can incorporate

readily available up-to-date high frequency data into econometric models. Another

problem when using up-to-date data are temporal instabilities of the parameters

which are di�cult to detect at the current edge of the data. This di�culty can be

addressed to some degree by using time-varying parameters where the parameters

follow a random-walk process. The aim of this paper is to analyse whether the use of

time-varying parameters gives an advantage when forecasting with mixed frequency

data compared to established methods, in this case ordinary least squares (OLS).

1This chapter is based on Neuwirth (2017)
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A few approaches have been tested in the literature so far. Carriero et al. (2015)

use a Bayesian mixed-frequency regression model with stochastic volatility and �nd

some usefulness of using stochastic volatility for forecasting US GDP but not when

using time-varying parameters. Galvão (2013) uses a transition function that gov-

erns for some parameters the change in parameters in MIDAS regressions. Guerin

& Marcellino (2013) propose a Markov-Switching MIDAS approach which allows for

switches between a small number of regimes. Schumacher (2014b) analyses MIDAS

regressions with time-varying parameters for Euro area GDP and corporate bonds

spreads by using a particle �lter to deal with non-linearities in the MIDAS equation.

This paper extends the literature by using time-varying parameters in both

bridge equations and unrestricted MIDAS models. Additionally, we compare fore-

cast performance of the di�erent models and methods for a long forecast horizon.

For this analysis we employ a large real-time data set for the US.

The real-time data set of US data contains both quarterly data (GDP) as well

as monthly data. We use 11 monthly standard business cycle indicators and their

growth rates (month-on-month, 3-month change, year-on-year) to predict quarter

on quarter GDP growth. The real-time data set ranges from 1970 until mid-2013.

Due to technical restrictions we can only incorporate few lags, as unrestricted

MIDAS models tend to get over-parametrized fast. Still, even a minimum speci-

�cation includes enough information for now- and short-term forecasting. Albeit

forecasts are made with the use of a single variable, we also look at forecast com-

binations of the individual models, both as an unweighted average and as weighted

average based on the past forecast performance. We �nd that the use of time-varying

parameters does not signi�cantly improve forecast performance of bridge equations

over all vintages. But the possibility to incorporate gradual structural changes can

help when forecasting recessions and especially the phase since the Great Recession.

Economic relationships between variables have changed since the Great Recession.
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This is the reason why forecasting with bridge models using time-varying parame-

ters is superior to forecasting with OLS. The results are also robust when estimating

with a rolling window instead of an expanding window.

The paper is structured as follows: Section 5.2 explains the method and the

estimation strategy. Section 5.3 discusses the used data set and Section 5.4 presents

an analysis of the real-time parameter estimates of the used models and methods

over all vintages. The results of the real-time experiment are shown in Section 5.5.

Section 5.6 concludes.

5.2 Mixed-frequency models with time-varying pa-

rameters

5.2.1 Model setup

We employ two standard single equation mixed frequency models for forecasting,

namely bridge equations and unrestricted MIDAS models. Due to their simplicity

and transparency bridge equations are common in central banks and other policy

institutions (e.g. ECB (2008) or Bundesbank (2013)). Early applications in the

literature can be found for example in Ingenito & Trehan (1996) or Ba�gi et al.

(2004). The intuition of bridge equations is to use time-aggregated contemporary

high frequency variables for explaining low-frequency variables. For forecasting the

lower-frequency variable, the high-frequency variables are forecast using simple mod-

els, like an autoregressive process and afterwards time-aggregated to the lower fre-

quency. These forecasts are plugged into the previously estimated model explaining

the low-frequency variable. Forecasts are done iteratively, using the previous fore-

casts for the low-frequency variable.

Mixed data sampling (MIDAS) is another single equation approach and was pro-

posed by Ghysels et al. (2004). This approach is able to combine time series with

di�erent frequencies in the same model and also deal with a long lag structure. In
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contrast to bridge equations the high-frequency variable is not time-aggregated but

directly related to the low-frequency variable by estimating a single parameter for

each high-frequency lag. Depending on the di�erences in frequency this method can

lead to a high number of parameters which have to be estimated. To circumvent this

problem, lag polynomials which decrease the necessary amount of parameters can

be used. Estimation can be done by non-linear least squares of more sophisticated

algorithms. Early applications for �nancial data, where frequency di�erences are

big, can be found in Ghysels et al. (2007). MIDAS models have also been used for

macroeconomic data more recently for example in Clements & Galvão (2008) and

Clements & Galvão (2009a) or Armesto et al. (2010) and Andreou et al. (2011).

Additionally, for macroeconomic data, where the di�erences between frequencies of

the used data are small, for instance when using quarterly and monthly data, an

unrestricted MIDAS model can be used without risking overparameterization. In

such cases an unrestricted setup is equivalent or even superior compared with stan-

dard MIDAS setups, as has been shown by Foroni et al. (2015b). Another advantage

of an unrestricted MIDAS setup is the reduced requirement for computational and

modelling e�orts compared with standard MIDAS setups. As the U-MIDAS ap-

proach represents a compromise between parsimony, simplicity and accuracy it is

often used for nowcasting (Aprigliano et al., 2017).

In order to test the usefulness of time-varying parameters for forecasting both

models are estimated in their standard form by using ordinary least squares as well

as in a Bayesian state-space framework with time-varying coe�cients. The time-

varying approaches are presented in the next sub-chapters.

Time-varying bridge equations

We specify the bridge equation model using lags of a quarterly variable yt as
well as time aggregated quarterly values of a monthly variable xqt . This is de�ned

as follows:
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yt = ct +
pX

i=1

�i;tLiyt +
nX

j=0


j;tLjxqt + �t (5.1)

Li and Lj indicate the lag operator for lag lengths p and n respectively. The

parameter �i;t for each ith lag of variable yt and the parameter 
j;t for the jth
lag of the time-aggregated high-frequency variable xqt as well as the constant ct are
time-varying and follow a random walk. With the bridge equations parameters as

at = [ct �1;t ::: �p;t 
1;t ::: 
n;t] the measurement equation can be written as:

yt = at

2

6666666666664

1
yt�1
...

yt�p
xqt
...

xqt�n

3

7777777777775

+ �t (5.2)

The state equation models the random walk behaviour of the time-varying pa-

rameters:

at = at�1 + �t (5.3)

The variance-covariance matrix of the innovations is block-diagonal:

 
�t
�t

!

� N(0; V ); V =

 
�2 0
0 Q

!

(5.4)

The forecast procedure for bridge equations consists of three steps. Firstly, the

forecasts for the high-frequency variable are generated. This is normally done by
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using an autoregressive model. The model is estimated by using OLS and the lag

length is optimized according to the Bayesian Information Criteria (BIC). In a sec-

ond step, the high-frequency forecasts are time-aggregated to the lower frequency.

Thirdly, the forecasts are plugged into the above speci�cation in order to compute

forecasts of the quarterly variable. The forecasts are computed iteratively. In this

application, we analyse both bridge models using OLS and time-varying parameters.

In both cases the high-frequency forecasts are done by OLS as described in the �rst

step. When forecasting using OLS, the estimated parameters are used for forecast-

ing. In the case of time-varying parameters only the parameters of the last quarter

in each vintage are used. The real-time estimates are described and analysed in

section 5.4.

Time-varying U-MIDAS model

The unrestricted MIDAS approach was promoted by Foroni et al. (2015b). In

contrast to the standard MIDAS approach where parameters of each high-frequency

observation of the high frequency variable xt is approximated with the help of poly-

nomials , the unrestricted approach estimates the weights as unrestricted param-

eters. The number of parameters depends both on the number of high frequency

periods m inside the low frequency period as well as the number of desired low

frequency period lags n. When frequency di�erences and thus m are big or a large

number of lags are desired, this approach can easily be over-parametrized. But when

frequency di�erences are small as with macroeconomic data, the results of the U-

MIDAS are similar or even slightly superior to the MIDAS approach. For instance,

when xt is a monthly variable and yt a quarterly variable, then m = 3. Forecasts

in U-MIDAS models are done directly, thus the model is speci�ed with respect to

the desired forecast horizon h. The aim is to �nd the speci�cation that would have

predicted yt h quarters ahead. The functional form of the U-MIDAS can be written

as:

yt = ct +
p+hX

i=h

�i;tLiyt +
KX

k=mh


k;tLk=mxt+l + �t (5.5)
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Lk=3 is a lag operator for monthly variables which is de�ned as xt�1=3 = L1=3xt
and l is de�ned as the lead of the high-frequency variable on the low-frequency

variable. As the models is speci�ed for each forecast horizon h, K = mnh. The

forecasts are done directly by plugging the most recent data into the formula using

the estimated parameters for each forecast horizon h. Thus, with the U-MIDAS

parameters as at = [ct �h;t ::: �p+h;t 
nh=3;t ::: 
K=3;t] the measurement equation can

be written as

yt = at

0

BBBBBBBBBBBB@

1
yt�h
...

yt�(p+h)

xt+l�nh=3
...

xt+l�K=3

1

CCCCCCCCCCCCA

+ �t (5.6)

and the state equation as

at = at�1 + �t (5.7)

with the variance-covariance matrix:

 
�t
�t

!

� N(0; V ); V =

 
1 0
0 Q

!

(5.8)

5.2.2 Estimation

Due to the complexity of the estimation of time-varying parameters, classical meth-

ods lead to problems when encountering peaks in regions of low probability and

thus can lead to unreasonable results. A Bayesian framework o�ers the tools to

circumvent these problems. We adopt a Bayesian approach and use the Markov
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Chain Monte Carlo (MCMC) method for the estimation of the time-varying model

following Cogley & Sargent (2001), Cogley & Sargent (2005), Primiceri (2005). More

precisely we employ a Gibbs sampling algorithm which involves the following steps.

Firstly, the matrix V is initialized. The initial values in this step are set to �2
0 being

0.01 and Q0 � IW (k2
QIs; TQ) with s being the number of states, the scaling factor kQ

set to 0.05 and the shape parameter TQ set to dim(Q) + 2. As suggested by DeJong

(1991), for the initial conditions a0 we chose an uninformative prior centered at zero

with a high variance p0 of 1000. In a second step aT is sampled from the conditional

probability p(aT jyT ; xT ; V ), given the previous results for the variance-covariance

matrix V as well as the actual data yT and xT . In a third step, conditional on

the data yT and xT as well as the previous draws for the parameter vector aT the

innovations of �t are treated as observable. Thus, V can be sampled by sampling Q
from p(QjyT ; xT ; aT ). The second and third step are then repeated for a number of

iterations. In this case we set the number of iterations to 50 000 while discarding

the �rst 80% as burn-in.

5.3 Data

The real-time data used in our analysis consist of quarterly real seasonally adjusted

GDP as well as the following monthly data: the consumer price index, industrial

production, housing starts and the unemployment rate. The data were acquired

from the ArchivaL Federal Reserve Economic Data (ALFRED) published by the

Federal Reserve Bank of St. Louis and the Federal Reserve Bank of Philadelphia

Real-Time Data Set for Macroeconomists (RTDSM). Additionally, we also use a set

of time series that are not subject to data revisions, namely the ISM indices for

manufacturing, supplier delivery times and orders, the S&P 500 stock market index,

the 3-month treasury bill yield, the 10-year treasury bond yield and average weekly

hours worked by production and supervisory workers. Following common practice

we time-aggregate all variables with a higher than monthly frequency by using their
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end-of-month values (Carriero et al., 2015 and Schorfheide & Song, 2015, e.g.) Ta-

ble 5.1 provides precise data de�nitions. We use di�erent data transformations for

our forecast evaluation, namely year-on-year growth rates, 3-month growth rates as

well as month-on-month growth rates. The real-time dataset comprises 344 vintages

covering the time frame January 1970 to August 2013. The �rst vintage starts in

January 1970 and includes all data available until the end of January 1985. In this

application we use an expanding window setup, so each following vintage one month

is added.

In a real time data context, the choice of the benchmark series for the calculation

of the forecast errors is an often discussed topic (cf. the discussions in Croushore,

2006, Romer & Romer, 2000, and Sims, 2002). Our quarterly time series, namely

real seasonal adjusted GDP, was subject to several benchmark revisions; the latest

revision for GDP occurred in mid-2014 and included a substantial rede�nition of

gross �xed capital formation which accounts for 20 percent of GDP. Such a bench-

mark revision could not have been predicted by a forecaster in, e.g. 1985. Thus we

follow Romer & Romer (2000), Faust & Wright (2009) and Carriero et al. (2015)

and use the second estimate of quarterly GDP as comparison to our forecasts.

We take di�ering publication lags into account in order to reproduce the avail-

able information a forecaster would have had at each forecast date. Most monthly

variables are subject to a publication lag, thus the (�rst) release for each month is

not available directly at the end of the month, but with a delay of up to one month.

Only the �nancial variables, namely the S&P 500 index, the 10-year treasury bond

yield and the 3-month treasury bill yield are available directly at the end of each

month. Additionally, those variables are released daily and not subject to revisions.

Also the �rst release of the quarterly real GDP is only available with a time lag of

one month.
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Table 5.1: Data overview

VARIABLE NAME FREQUENCY REAL TIME SOURCE NOTES

Real seasonal adjusted GDP quarterly yes RTDSM

Industrial production

index: manufacturing monthly yes RTDSM From 1997M12 to 1998M10 his-

torical data from 1969 to 1970

were not available in the data

set. As there do not seem to

be any revisions in between,

we make the assumption that

there were no revisions.

Consumer price index monthly yes ALFRED For some months two vintages

were available. In those cases

we used the later publications.

This was the case for 2000M9,

2005M2, 2006M2, 2007M2,

2008M2, 2009M2, 2010M2,

2011M2 and 2012M2.

Housing starts monthly yes RTDSM There were no observations

available for the �rst publica-

tion of 1995M11 and 1995M12.

We make the assumption that

in those cases no revision took

place and use the same values

as in the second publication.

Umemployment rate monthly yes ALFRED We used the real-time data

from ALFRED data base be-

cause the RTDSM only o�ers

quarterly vintages.

ISM index for manufacturing

(= ISM total) monthly no Institute for Supply Management

ISM index for supplier

delivery times monthly no Institute for Supply Management

ISM index for orders monthly no Institute for Supply Management

Average weekly hours of

production and supervisory

workers

monthly no US Bureau of Labor Statistics

S&P 500 stock market index monthly no Thomson Reuters Datastream

3-month treasury bill yield monthly no Thomson Reuters

10-year treasury bond yield monthly no Thomson Reuters
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5.4 Real-time parameter estimates

To start our analysis we look at the real-time estimates of the parameters that are

used for the forecasts, starting with the estimates of the bridge equations. In total,

over all vintages we have time series with over 300 observations. They contain the

parameters of the bridge equations for each variable both for the estimates using

OLS and the TVP parameters. In the TVP case we only show the parameter values

of the last quarter of each vintage (which are the ones used for the calculation of the

forecast). Figure 5.1 shows the OLS and TVP parameters of the bridge equations

using the month-on-month growth rate of industrial production and the 3-month

growth rate of housing starts.2 As can be seen from the �gure, the OLS parameters

that are used to produce the forecasts are relatively stable over the vintages and

exhibit a much lower variance than the time-varying parameters. Nonetheless the

estimated time-varying parameters do not show a lot of sudden jumps and do not,

at least at �rst glance seem to introduce much noise.

The same analysis is done for the parameters of the U-MIDAS equations. As

forecasts with the U-MIDAS method are done directly in contrast to the iterative

approach of bridge equations, for each forecast horizon h and each variable we have

a set of 1; :::; H estimated parameters both for OLS and TVP. Additionally, pa-

rameters change with each month of each quarter. Thus, for sake of simplicity, in

�gure 5.2 we show only the estimates of the �rst month m1 of each quarter for

horizons h = 1; :::; 5. The �gure shows the constant of the U-MIDAS speci�cation

when using the 3-month growth rate of housing starts as high-frequency variable.

In case of U-MIDAS, the estimated parameters are a bit more volatile compared to

the parameters for the bridge equations in �gure 5.1 which could introduce more

noise into the forecasts. In the next section we will analyse whether this parameter

volatility is actually a problem for the forecast performance of the di�erent models.

2An overview over all used parameters can be found in Appendix C.
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Figure 5.1: Parameters for bridge equation

Figure 5.2: Parameters for U-MIDAS model
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5.5 Real-time out-of-sample results

5.5.1 Forecast comparison

In this section the forecast results of the di�erent models and methods are presented.

Namely, these are bridge equations and U-MIDAS models estimated by either OLS

or time-varying parameters in a Bayesian state space setup (TVP). In order to

coherently compare the forecasts of the models and methods we have to make sure

that always the same information is used, so that di�erences in forecast performance

result only from the di�erent models / methods. As U-MIDAS models tend to get

overparametrized quickly we restrict the data used in this forecasting exercise to one

lagged quarter of low-frequency data and three months of high-frequency data. For

the comparison of the forecast performance of the di�erent models we calculate the

relative change in the root mean squared forecast error (RMSFE) for each model

and forecast horizon h which is de�ned as:

�RMSFEh = 100 �
�
RMSFEModel 1

h �RMSFEModel 2
h

RMSFEModel 2
h

�
:

The more negative �RMSFEh is, the better performs model 1 compared to the

respective benchmark model in terms of forecast accuracy.

In order to test if the two forecasts are actually di�erent from each other we em-

ploy the Diebold-Mariano test for equality of forecast accuracy (Diebold & Mariano,

1995). For this we use a quadratic loss function di�erential d between the forecast

errors � of the models 1 and 2 at time t for the period t+ h:

dt = (�1
(t+hjt))

2 � (�2
(t+hjt))

2
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The Diebold-Mariano test statistic DM is de�ned as

DM =
�d

p
(1=T ) � LRV (d)

with �d being the sample mean of dt, T being the number of forecasts and the

estimated long run variance (LRV) which corrects for possible serial correlation of

the loss di�erentials d for forecast horizons h > 1:

LRV (d) = Var(d) + 2
h�1X

k=1

Cov(dt; dt�k)

Under the null hypothesis of equal forecast accuracy the test statistic is asymp-

totically N(0,1) distributed, thus the null hypothesis will be rejected it the test

statistic falls outside the range of -1.96 and 1.96 at the 5 percent signi�cance level.

The signi�cance is incorporated in the following subsections in the graphs for the

relative RMSFE. In case the null hypothesis is not rejected the relative RMSFE will

be in a dashed line. If the Diebold-Mariano test indicates a signi�cant di�erence

in forecast accuracy the lines will be solid. In the following sections the di�erent

combinations of models and methods will be tested separately.

5.5.2 Performance over all vintages

When estimating with OLS, the forecast performance of bridge equations and U-

MIDAS models over all vintages turns out to be basically equal. This is in line with

previous work by Marcellino et al. (2006) who �nd that direct forecasting can be

at least as accurate as indirect forecasting. Bridge models have a slightly smaller

RMSFE for some of the used variables like the ISM total or hours worked, whereas

for some other variables the U-MIDAS models have smaller forecast errors. Figure

5.3 shows the relative RMSFE on average over all variables as well as the results

for a forecast combination using forecast errors of the previous 4 quarters of each
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vintage to weight forecasts.3 The �gure shows a slightly lower RMSFE for bridge

equations up to a maximum of 9 percent. But the results are hardly signi�cant.

Only for forecast horizons from 7 to 9 months ahead the Diebold-Mariano test indi-

cates actual di�erences in forecast accuracy (pointed out by the solid line for those

months). But even in those cases the di�erence in forecast accuracy is very small.

Figure 5.3: Rel. RMSFE: Bridge vs U-MIDAS using OLS

Note: The dashed line shows the relative RMSFE of bridge equations compared to the benchmark model U-MIDAS. Values below
zero indicate the smaller percentage forecast error of bridge equations compared to U-MIDAS. The solid line indicates signi�cant
results according to the Diebold-Mariano test.

The picture changes somewhat when using time-varying parameters to compare

those two models: In most cases the forecast errors of bridge models are smaller

compared to the U-MIDAS speci�cation. Still, when using short term interest rates

or industrial production the RMSFE is somewhat smaller for the U-MIDAS setup

compared to the bridge equations. Over all variables, as can be seen in �gure 5.4 the

RMSFE is clearly � and for shorter forecast horizons signi�cantly � smaller for bridge

equations than for U-MIDAS models. This result could be due to an introduction of

noise when using time-varying parameters with U-MIDAS as shown in chapter 5.4.

3The graphs for all variables and all forecast comparisons can be seen in Appendix C.
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Figure 5.4: Rel. RMSFE: Bridge vs U-MIDAS using TVP

Note: The dashed line shows the relative RMSFE of bridge equations compared to the benchmark model U-MIDAS. Values below
zero indicate the smaller percentage forecast error of bridge equations compared to U-MIDAS. The solid line indicates signi�cant
results according to the Diebold-Mariano test.

This result can also be seen in the direct comparison of OLS and TVP in the

case of U-MIDAS models: For almost all variables the forecast errors are smaller

when using OLS and also the average and combination forecasts show a clear out-

performance by OLS over TVP (�gure 5.5). The di�erences in forecast accuracy

are also signi�cant for shorter forecast horizons. In the case of bridge equations,

the results are not that distinct. The forecasts errors for almost all variables are

smaller when using OLS instead of TVP. But, as �gure 5.6 shows, the di�erences in

forecast accuracy are not statistically di�erent, except for a forecast horizon of 7 to

9 months when using a combined forecast instead of an average over all variables.

But even in this case the di�erences in forecast performance are rather small.
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Figure 5.5: Rel. RMSFE: TVP vs OLS using U-MIDAS

Note: The dashed line shows the relative RMSFE of TVP compared to the benchmark method OLS. Values below zero indicate the
smaller percentage forecast error of TVP compared to OLS. The solid line indicates signi�cant results according to the Diebold-
Mariano test.

Figure 5.6: Rel. RMSFE: TVP vs OLS using Bridge

Note: The dashed line shows the relative RMSFE of TVP compared to the benchmark method OLS. Values below zero indicate the
smaller percentage forecast error of TVP compared to OLS. The solid line indicates signi�cant results according to the Diebold-
Mariano test.
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In summary, over all vintages, the use of time-varying parameters does not give

an advantage when forecasting with mixed-frequency models. The estimation of

U-MIDAS models with time-varying parameters mostly introduces noise due to the

more volatile monthly data. Forecast errors of U-MIDAS models when using TVP

are clearly worse. So when deciding between bridge equations and U-MIDAS models,

it might be slightly bene�cial using bridge equations when using TVP. But bridge

equations when using TVP are, over all vintages, also not clearly better compared

to bridge equations estimated with OLS.

5.5.3 Performance in times of structural change

The higher �exibility of time-varying parameters and thus the possibility to incorpo-

rate gradual structural changes could lead to a better performance of models using

this technique in some special phases. In order to test this conjecture a sub-sample of

our data is created. Speci�cally, we look at the Great Recession and the subsequent

upswing. It can be argued that with the Great Recession economic relationships

between GDP and di�erent indicators changed. In this case, a model using time-

varying parameters should be able to react faster to such changes than a simple OLS

model with an expanding window.

In the following, for the sake of presentation, only the average forecast results of

the previous analysis are presented.4 Figure 5.7 shows that since the Great Reces-

sion bridge equations are slightly superior than U-MIDAS models both when using

OLS or TVP. When forecasting with bridge equations it was advantageous to use

TVP instead of OLS. The relative RMSFE lies now mostly below zero and is, at

least for longer forecast horizons, signi�cant. This result can be explained by the

change in the time-varying parameters in 2009. Figure 5.8 shows as example the

time-varying parameter of the autoregressive term in bridge models when using the

short-term interest rate as high-frequency variable over several vintages. Beginning

4All results can be found in Appendix C
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in 2009 the parameters shift upwards and show a very di�erent dynamic also in 2010

and 2011. Similar reactions can be found using other high-frequency variables. This

higher �exibility allows for better forecasts after the Great Recession.

Figure 5.7: Rel. RMSFEs for Great Recession

Note: The four graphs show the relative RMSFE of the four previously used cases for the average forecast over all variables. The
graph OLS shows the case of Bridge vs U-MIDAS using OLS. Graph TVP shows the case Bridge vs U-MIDAS using TVP. The graph
BRIDGE depicts the comparison TVP vs OLS using Bridge and respectively in graph U-MIDAS the case TVP vs OLS using U-
MIDAS. Values below zero indicate the smaller percentage forecast error of the benchmark model. The solid line indicates signi�cant
results according to the Diebold-Mariano test.

Figure 5.8: Time-varying parameters over di�erent vintages
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Figure 5.9: Rel. RMSFEs for split sample

Note: The four graphs show the relative RMSFE of the four previously used cases for the average forecast over all variables for 3
di�erent samples. The graph OLS shows the case of Bridge vs U-MIDAS using OLS. Graph TVP shows the case Bridge vs U-MIDAS
using TVP. The graph BRIDGE depicts the comparison TVP vs OLS using Bridge and respectively in graph U-MIDAS the case TVP
vs OLS using U-MIDAS. Values below zero indicate the smaller percentage forecast error of the benchmark model. The solid line
indicates signi�cant results according to the Diebold-Mariano test.

In order to check the robustness of the results for the full sample we split the

sample at the beginning of the Great Recession. As can be seen in �gure 5.9 most

results do not di�er too much between the sample before the Great Recession and

afterwards. Bridge models still are preferable compared to U-MIDAS when using

OLS (albeit not signi�cantly anymore) and when using TVP. Also when forecast-

ing with U-MIDAS models OLS should be the preferred estimation method. The

biggest di�erences between the samples occur when using bridge models for fore-

casting. Before the Great Recession the estimation with OLS was slightly superior.

During and after the Great Recession the use of TVP is slightly superior, increas-

ingly so with longer forecast horizons. In order to check if this result stays robust we

estimate the OLS models using a rolling window instead of an expanding window.

This allows the parameters to be more �exible and to adapt faster to such struc-

tural changes. While the OLS parameters are more �exible they do not adapt as fast
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time-varying parameters and even with rolling windows of 36, 48 and 60 quarters

the results are robust. In summary, the use of time-varying parameters can be ben-

e�cial when using bridge models for forecasting especially since the Great Recession.

5.6 Conclusion

To study the usefulness of time-varying parameters for forecasting with mixed-

frequency data we compared di�erent forecasting models and estimation methods.

We used two standard mixed-frequency forecasting models, namely bridge equation

and unrestricted MIDAS (U-MIDAS) models. These models were estimated with

standard ordinary least squares (OLS) and in a Bayesian state space framework that

allows for the estimation of time-varying parameters.

Time-varying parameters o�er the possibility to address potential temporal in-

stabilities which are hard to detect, especially when working at the current edge of

the data. By using the estimated parameters for the latest quarter, forecasts could

be improved compared to using OLS parameters that do not include potential shifts

in the correlation of di�erent variables.

To test the forecast performance of bridge equations and U-MIDAS models es-

timated with OLS and time-varying parameters (TVP) we conduct a real-time ex-

periment using US data with vintages from January 1985 until August 2013. We

compare the out-of-sample forecasts of all models and methods separately. We

�nd that when using OLS, bridge equations and U-MIDAS models perform almost

equally over all vintages. When using TVP, bridge equations perform signi�cantly

better. Due to the more volatile high-frequency data used in U-MIDAS models in

contrast to the time-aggregated data in bridge equations the time-varying param-

eters seem to introduce noise compared to the estimation with OLS. When using

bridge equations the estimation method does not seem to matter much: the fore-

cast performance is roughly the same when using OLS or TVP and the di�erences
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are hardly signi�cant for most forecast horizons. For U-MIDAS models the classic

estimation method is clearly and signi�cantly better for forecasting.

We also analyse if the higher �exibility of time-varying parameters and thus the

possibility to incorporate gradual structural changes could lead to a better perfor-

mance of models using this technique in times of structural changes. We check a

sub-sample of our data, namely the period since the start of the Great Recession.

While most results change only slightly in the sub-sample, the results for bridge

models stand out. Forecast errors are smaller when using time-varying parameters

compared to OLS and get smaller for longer forecast horizons. The results are ro-

bust even when estimating the bridge models with a rolling window. Even though

models with a rolling window can adapt faster to structural changes compared to the

use of an expanding window, the time-varying parameters are able to react faster

to the changes after the Great Recession. In summary, over all vintages the use

of time-varying parameters did not improve forecast results signi�cantly. However,

since the Great Recession it was advantageous to use time-varying parameters when

forecasting with bridge models due to the higher �exibility of those models.
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Appendix B

Appendix Chapter 3

MIDAS VAR example for one quarterly and one monthly vari-

able

In this section we give a simple illustrative example of the MIDAS VAR framework

presented in Section 3.2. Let there be one monthly variable, y1;t�1+�1=3 and one

quarterly variable, y2;t�1+�2=1, with t = 1; : : : ; T , �1 = 1; 2; 3 and �2 = 1. Further let
P = 1. In this case,

yt�p =

2

66664

y1;t�p

y1;t�p� 1
3

y1;t�p� 2
3

y2;t�p

3

77775
; 1
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and

xt =

2

666666666666664

y1;t� 1
3

y1;t� 2
3

y1;t�1

y1;t�1 1
3

y1;t�1 2
3

y1;t�2

y2;t�1

y2;t�2

3

777777777777775

:

The mixed-frequency VAR process from Equation (3.4) then writes

2

6
6
6
6
4

y1;t
y

1;t� 1
3

y
1;t� 2

3
y2;t

3

7
7
7
7
5

=

2

6
6
4

�1;3;1;1 �1;3;1;2 �1;3;1;3 �1;3;1;4 0 0 �1;3;2;1 �1;3;2;2
0 �1;2;1;1 �1;2;1;2 �1;2;1;3 �1;2;1;4 0 �1;2;2;1 �1;2;2;2
0 0 �1;1;1;1 �1;1;1;2 �1;1;1;3 �1;1;1;4 �1;1;2;1 �1;1;2;2

�2;1;1;1 �2;1;1;2 �2;1;1;3 �2;1;1;4 �2;1;1;5 �2;1;1;6 �2;1;2;1 �2;1;2;2
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+

2

6
6
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4
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�

1;t� 1
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�
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3
�2;t

3

7
7
7
7
5
:

To keep the example simple we assume that all lags are modeled as Almon lag

polynomials of order Q = 1. To exemplify the data transformation, consider the

block transformation matrix of Equation (3.9) for the third observation of the �rst

variable (i = 1; �1 = 3)

M1;3 = diag(M1;3;1;M1;3;2) =

2

66664

1 1 1 1 0 0 0 0
1 2 3 4 0 0 0 0
0 0 0 0 0 0 1 1
0 0 0 0 0 0 1 2

3

77775
:
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As shown in Equation (3.10) this matrix can be used to build the transformed

data vector

x�1;3;t
4�1

=

2

66664

x�1;3;1;0;t
x�1;3;1;1;t
x�1;3;2;0;t
x�1;3;2;1;t

3

77775
=

2

66664

1 1 1 1 0 0 0 0
1 2 3 4 0 0 0 0
0 0 0 0 0 0 1 1
0 0 0 0 0 0 1 2

3

77775

2

666666666666664

y1;t� 1
3

y1;t� 2
3

y1;t�1

y1;t� 4
3

y1;t� 5
3

y1;t�2

y2;t�1

y2;t�2

3

777777777777775

=

2

66664

y1;1�t� 1
3

+ 1 � y1;t� 2
3

+ 1 � y1;t�1 + 1 � y1;t� 4
3

y1;1�t� 1
3

+ 2 � y1;t� 2
3

+ 3 � y1;t�1 + 4 � y1;t�1 1
3

1 � y2;t�1 + 1 � y2;t�2

1 � y2;t�1 + 2 � y2;t�2

3

77775

Further, we construct the big parameter matrix of Equation (3.12) which contains

all Almon parameters of the MFVAR:

� =

"
�1

�2

#

=

2

66664

�1;3

�1;2

�1;1

�2;1

3

77775
=

2

66664

�1;3;1;0 �1;3;1;1 �1;3;2;0 �1;3;2;1

�1;2;1;0 �1;2;1;1 �1;2;2;0 �1;2;2;1

�1;1;1;0 �1;1;1;1 �1;1;2;0 �1;1;2;1

�2;1;1;0 �2;1;1;1 �2;1;2;0 �2;1;2;1

3

77775

Accordingly, the big data matrix of Equation (3.13), which contains all transformed

data, writes

X�t =

"
X�1;t
X�2;t

#

=

2

66664

x�01;3;t
x�01;2;t
x�01;1;t
x�02;1;t

3

77775
=

2

66664

x�1;3;1;0;t x�1;3;1;1;t x�1;3;2;0;t x�1;3;2;1;t
x�1;2;1;0;t x�1;2;1;1;t x�1;2;2;0;t x�1;2;2;1;t
x�1;1;1;0;t x�1;1;1;1;t x�1;1;2;0;t x�1;1;2;1;t
x�2;1;1;0;t x�2;1;1;1;t x�2;1;2;0;t x�2;1;2;1;t

3

77775
:
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With L =
PI

i=1 Ti = 4 the selection matrix of Equation (3.14) writes

S
4�16

= (I4 � I4)0 =

2

66664

1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

3

77775
:

The above matrices can then be used to rewrite the Almon MIDAS type MFVAR

from Equation (3.5) into the representation given in Equation (3.15). As shown in

Section 3.2 we can further transform the MFVAR into the linear system of equations

displayed in Equation (3.16), namely yt = S(X�t 
 IL) vec(�) + �t. In case of this

example with one monthly and one quarterly variable,

S(X�t 
 I4) =

2

664

x�1;3;1;0;t 0 0 0 x�1;3;1;1;t 0 0 0 : : :
0 x�1;2;1;0;t 0 0 0 x�1;2;1;1;t 0 0 : : :
0 0 x�1;1;1;0;t 0 0 0 x�1;1;1;1;t 0 : : :
0 0 0 x�2;1;1;0;t 0 0 0 x�2;1;1;1;t : : :

: : : x�1;3;2;0;t 0 0 0 x�1;3;2;1;t 0 0 0
: : : 0 x�1;2;2;0;t 0 0 0 x�1;2;2;1;t 0 0
: : : 0 0 x�1;1;2;0;t 0 0 0 x�1;1;2;1;t 0
: : : 0 0 0 x�2;1;2;0;t 0 0 0 x�2;1;2;1;t

3

775
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and

vec(�) =

2

66666666666666666666666666666666664

�1;3;1;0

�1;2;1;0

�1;1;1;0

�2;1;1;0

�1;3;1;1

�1;2;1;1

�1;1;1;1

�2;1;1;1

�1;3;2;0

�1;2;2;0

�1;1;2;0

�2;1;2;0

�1;3;2;1

�1;2;2;1

�1;1;2;1

�2;1;2;1

3

77777777777777777777777777777777775

;

so that the linear system of equations of Equation (3.16) actually writes

2

66664

y1;t

y1;t� 1
3

y1;t� 2
3

y2;t

3

77775
=

2

66664

�1;3;1;0 � x�1;3;1;0;t + �1;3;1;1 � x�1;3;1;1;t + �1;3;2;0 � x�1;3;2;0;t + �1;3;2;1 � x�1;3;2;1;t
�1;2;1;0 � x�1;2;1;0;t + �1;2;1;1 � x�1;2;1;1;t + �1;2;2;0 � x�1;2;2;0;t + �1;2;2;1 � x�1;2;2;1;t
�1;1;1;0 � x�1;1;1;0;t + �1;1;1;1 � x�1;1;1;1;t + �1;1;2;0 � x�1;1;2;0;t + �1;1;2;1 � x�1;1;2;1;t
�2;1;1;0 � x�2;1;1;0;t + �2;1;1;1 � x�2;1;1;1;t + �2;1;2;0 � x�2;1;2;0;t + �2;1;2;1 � x�2;1;2;1;t

3

77775
+

2

66664

�1;t
�1;t� 1

3

�1;t� 2
3

�2;t

3

77775
:

The �-parameters in this system can be easily estimated row-by-row using OLS.

They are then used to calculate the above �-weights.
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Appendix C

Appendix Chapter 5

Parameter estimates for all models and forecast horizons

In this section the parameter estimates for all models and forecast horizons are pre-

sented. In order to safe space in the graphs the used variables are abbreviated. An

overview can be found in the following table. If the variable name has no ending,

it is used in its original form. Three di�erent transformations are also used, when

appropriate, namely year-on-year growth rates, 3-month growth rates as well as

month-on-month growth rates. These are labelled by the addition of 1y, 3m or 1m
respectively as ending of the variable name.
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Abbreviations of variables

VARIABLE NAME ABBREVIATION
Industrial production index: manufacturing h�ndpro
Consumer price index hfcpi
Housing starts hfhstarts
Umemployment rate hfunemp
ISM index for manufacturing hfISMtot
ISM index for supplier delivery times hfISMsupply
ISM index for orders hfISMorder
Average weekly hours of production and supervisory workershfhworked
S&P 500 stock market index hfsp500
3-month treasury bill yield h�3m
10-year treasury bond yield h�10y
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Parameters for bridge equation
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Parameters for U-MIDAS model with h = 1
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Parameters for U-MIDAS model with h = 2
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Parameters for U-MIDAS model with h = 3
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Parameters for U-MIDAS model with h = 4

151



Parameters for U-MIDAS model with h = 5
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Results for full sample for all models

Rel. RMSFE: U-MIDAS vs Bridge using OLS

Note: The dashed line shows the relative RMSFE of bridge equations compared to the benchmark model U-MIDAS. Values below
zero indicate the smaller percentage forecast error of bridge equations compared to U-MIDAS. The solid line indicates signi�cant
results according to the Diebold-Mariano test.
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Rel. RMSFE: U-MIDAS vs Bridge using TVP

Note: The dashed line shows the relative RMSFE of bridge equations compared to the benchmark model U-MIDAS. Values below
zero indicate the smaller percentage forecast error of bridge equations compared to U-MIDAS. The solid line indicates signi�cant
results according to the Diebold-Mariano test.

Rel. RMSFE: OLS vs TVP using Bridge

Note: The dashed line shows the relative RMSFE of TVP compared to the benchmark method OLS. Values below zero indicate the
smaller percentage forecast error of TVP compared to OLS. The solid line indicates signi�cant results according to the Diebold-
Mariano test.
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Rel. RMSFE: OLS vs TVP using U-MIDAS

Note: The dashed line shows the relative RMSFE of TVP compared to the benchmark method OLS. Values below zero indicate the
smaller percentage forecast error of TVP compared to OLS. The solid line indicates signi�cant results according to the Diebold-
Mariano test.
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Results for Great Recession

Rel. RMSFE: U-MIDAS vs Bridge using OLS

Note: The dashed line shows the relative RMSFE of bridge equations compared to the benchmark model U-MIDAS. Values below
zero indicate the smaller percentage forecast error of bridge equations compared to U-MIDAS. The solid line indicates signi�cant
results according to the Diebold-Mariano test.
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Rel. RMSFE: U-MIDAS vs Bridge using TVP

Note: The dashed line shows the relative RMSFE of bridge equations compared to the benchmark model U-MIDAS. Values below
zero indicate the smaller percentage forecast error of bridge equations compared to U-MIDAS. The solid line indicates signi�cant
results according to the Diebold-Mariano test.
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Rel. RMSFE: OLS vs TVP using Bridge

Note: The dashed line shows the relative RMSFE of TVP compared to the benchmark method OLS. Values below zero indicate the
smaller percentage forecast error of TVP compared to OLS. The solid line indicates signi�cant results according to the Diebold-
Mariano test.
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Rel. RMSFE: OLS vs TVP using U-MIDAS

Note: The dashed line shows the relative RMSFE of TVP compared to the benchmark method OLS. Values below zero indicate the
smaller percentage forecast error of TVP compared to OLS. The solid line indicates signi�cant results according to the Diebold-
Mariano test.
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