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Introduction

Policy institutions such as central banks depend on the timely assessment of past, current, and future economic conditions. However, key
statistics on economic conditions are often estimated infrequently
and published with a substantial time delay. GDP, for example, is
computed at the quarterly frequency. Looking across countries, the
timeliest ﬁrst estimates are published about one month after the reference quarter (e.g., in the United States, the euro area, the United
Kingdom, and China), whereas for Switzerland, the publication lag
of GDP is two months. Therefore, the problem of imperfect and
incomplete information on the current state of the economy is more
pronounced than for other developed economies: many of the main
indicators that economists routinely use to track real activity in
economies such as the United States, the euro area, or its individual member countries are—if available at all—released only with a
long lag, at a quarterly frequency, and/or with very short histories.
Still, if one considers all the economic series that are available, it
is possible to construct quite a large data set. While each individual indicator of this data set may not look too informative on its
own, the data set as a whole looks quite promising, as it features
indicators on all important aspects of the Swiss economy.
In this paper, we compare several methods for tracking current
economic conditions in Switzerland using this large data set. The
two common features of the methods is that they are able to handle (i) large data sets and (ii) indicators with diﬀerent frequencies.
They can therefore be characterized as large-scale mixed-frequency
methods. The study relates to similar investigations that have been
performed for other countries. Evans (2005), Giannone, Reichlin, and
Small (2008), Bańbura, Giannone, and Reichlin (2011), Bańbura and
Rünstler (2011), and Kuzin, Marcellina, and Schumacher (2011) are
some prominent examples.
We consider three approaches: information combination, model
combination, and variable selection. For information combination,
we rely on factor model techniques.1 Such models assume that a
small number of factors can be used to describe the ﬂuctuations in a
1
Large Bayesian VARs would be an alternative, but so far they have only been
used with single frequencies, and adapting them to the use of mixed frequencies
would create computational challenges.
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given data set and that those factors are highly correlated with the
business cycle and GDP (see, e.g., Stock and Watson 2002, 2011).
In this study, we concentrate on a large-scale dynamic factor model
(DFM), which is based on the Kalman ﬁlter and is estimated by
the expectation–maximization (EM) algorithm. This is the current
state-of-the-art model for nowcasting purposes (see Bańbura, Giannone, and Reichlin 2011, Doz, Giannone, and Reichlin 2012, and
Bańbura and Modugno 2014). The second approach uses model combination, i.e., it combines forecasts from diﬀerent models. In our case,
single-indicator models are used to explain GDP within a linear
regression framework. For higher-frequency variables (weekly and
monthly indicators), mixed-data sampling (MIDAS) is used to take
into account the temporal aggregation issue. The third approach is
variable selection. In this case, we employ a variable selection technique based on a speciﬁc-to-general methodology that can handle
large data sets and mixed-frequency settings. As benchmark models, we consider univariate time-series models as well as popular
Swiss leading indicators such as the PMI and the KOF economic
barometer.
To compare the models under investigation and their benchmarks, we conduct a pseudo-out-of-sample forecast exercise. Using
our large data set of more than 600 variables at weekly, monthly,
and quarterly frequency, and taking into account two diﬀerent states
of information, we generate forecasts from the diﬀerent models for
the period 2005:Q1–2015:Q2.2 With all our approaches, we take into
account the problem of missing observations at the end of the sample
(ragged-edge problem). We compare the forecasting performances by
means of root mean squared forecast errors (RMSEs) and investigate their ranking over time by looking at diﬀerent subperiods and
rolling windows. Besides RMSEs, we investigate the models’ ability
to forecast business cycle phases.
Our results show that all three approaches using the large data
set clearly beat relevant benchmarks such as univariate time-series
models and the popular single-indicator models using the PMI or
the KOF economic barometer. The factor model performs best for
2
The reason for not having a longer evaluation sample is that for the case of
Switzerland, many economic indicators start only in 1990 or even later, which
automatically limits the estimation sample of the models to some extent.
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the total evaluation sample. Model combination also performs well,
but it does not capture the ﬁnancial crisis period very well. After the
crisis, model combination slightly outperforms the factor model, particularly for the two-step-ahead forecast. Variable selection performs
well on average for the one-step-ahead forecast but loses ground
when forecasting two steps ahead. Finally, we show that a pooling
(simple average) of the models under consideration produces even
better results than the best single-model procedure.
2.

Data

To understand the choice of forecasting approaches that we evaluate, some background on the Swiss data situation is warranted.
An economist who wants to monitor current activity in Switzerland
faces a data situation that is worse than what one may expect given
Switzerland’s high per-capita income: many indicators that are routinely used to monitor real activity in economies such as the United
States and the euro area are released with a considerable lag, are
available only at a quarterly frequency, and/or have short histories.
A prominent example that illustrates all three issues is the industrial production, turnover, and new orders release: its publication lag
is about two months after the end of the quarter. Moreover, while
the time series are available at a monthly frequency, the values for
all three months of the quarter are released at once. Finally, the
monthly series only go back to 2011, illustrating the problem of
short histories; the quarterly series go further back.
Another example of a long publication lag and a quarterly frequency is the job statistics (the equivalent to the ﬁrm survey part
of the United States’ monthly employment situation release), which
is published about two months after the end of the quarter. Moreover, it is only available at a quarterly frequency. Other important
data releases that are only available at a quarterly frequency include
construction activity, wages, and consumer conﬁdence.
A prominent example of a short history is certainly the quarterly labor force survey (the equivalent to the household survey part
of the United States’ employment situation release) that only goes
back to 2010. Still, there exist indicators with short publication lags
and monthly frequency. However, they are often quite noisy and/or
not too strongly connected with GDP. Examples are merchandise
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exports and imports, ﬁnancial markets data, and foreign activity
indicators.
In light of this data situation, we think it makes sense to use all
available information3 and construct an as large as possible data set
that includes both quarterly and monthly indicators. This novel data
set for the Swiss economy consists of 627 variables (361 monthly, 266
quarterly) covering seventeen areas. All data are used in calendaradjusted, seasonally adjusted, and outlier-adjusted terms.4 Details
of the data set are shown in table 1. In principle, the data set starts
in 1975. However, many indicators start only in 1990 or even later,
which automatically limits the estimation period to some extent.
One important aspect of this data set is the large fraction of quarterly data. Around one-third of variables are observed only in quarterly frequency. This is very atypical compared with similar studies
for other countries that only use a very limited number of quarterly
variables (GDP and possibly some quarterly surveys).
3.

Forecasting Approaches

In light of the Swiss data situation and the choice of data set outlined in the previous section, the forecasting approaches under consideration need to be able to handle a large data set with diﬀerent
publication lags and frequencies. We evaluate three approaches: an
information combination approach based on a DFM, a model combination approach pooling single-indicator models, and a speciﬁcto-general variable selection procedure. In the following we brieﬂy
outline these three approaches. An online appendix (available at
http://www.ijcb.org) provides more details on the models.

3.1

Information Combination Using a Dynamic Factor Model

The dynamic factor model approach models the co-movements of a
panel of observed time series, xt , as driven by a small number of
latent factors, ft , and idiosyncratic components, ut , which can be
represented as
3
We checked if this intuition holds up by using two smaller indicator sets in
our best-performing model (the dynamic factor model). See section 4.
4
Indicators that are not available on a seasonally adjusted basis were calendar adjusted, seasonally adjusted, and outlier adjusted using the X-13ARIMASEATS procedure.
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xt = λft + ut ,

(1)

where ft is an r × 1 vector of common factors and λft is the common
component. For the factors, we assume that they follow a ﬁnite-order
Gaussian VAR,
ft = Φ1 ft−1 + · · · + Φp ft−p + vt .

(2)

Both sets of equations constitute a state-space system. Doz, Giannone, and Reichlin (2012) show that the parameters and the latent
factors can be estimated by maximum likelihood (ML) using the
EM algorithm, which is a consistent estimator. Using the Kalman
smoother in combination with the EM algorithm dominates principal
components and two-step estimates.
Since the data set contains a large number of quarterly indicators, we use the modiﬁcation suggested by Bańbura and Modugno
(2014) allowing for mixed frequencies and arbitrary patterns of missing data. xt is measured in monthly frequency (quarterly variables
are treated as unobserved during the ﬁrst two months of the quarter)
and non-stationary variables are included as three-month growth
rates.5 Our baseline model uses two factors (r = 2) and one lag in
the VAR of the factors (p = 1).6,7
5

Giannone, Reichlin, and Small (2008), Angelini et al. (2011), and Bańbura
and Rünstler (2011) also use three-month growth rates, whereas for example
Bańbura and Modugno (2014) follow Mariano and Murasawa (2003) and stationarize trending monthly variables using month-on-month growth rates. We also
evaluated the model using this transformation but found that the stationarization using three-month growth rates performs consistently better (see the online
appendix).
6
In choosing the number of factors, we try to obtain as parsimonious as possible a speciﬁcation. While the inclusion of a second factor leads to a substantial
increase in the correlation between GDP and its in-sample ﬁt, a third and fourth
factor do not lead to notable gains. As a robustness check, we estimated factor
models using one and three factors and computed corresponding forecasts in the
out-of-sample experiment. Although all ﬁndings of the baseline speciﬁcation survived, two factors provide the best overall performance. The lag length in the
VAR has no impact on the nowcasting performance and only very limited eﬀects
for the forecast. We therefore choose the most parsimonious speciﬁcation, i.e.,
two factors and one lag.
7
A diﬀerent version of this model with four factors and estimated by the twostep procedure is proposed in Galli (2018) to obtain a business cycle index for
the Swiss economy.
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This forecast approach pools the forecasts of several single-indicator
models to obtain a ﬁnal forecast. We ﬁrst describe the singleindicator models and then present the combination method.
The single-indicator models relate h-steps-ahead GDP growth
to the last p observations of the indicator using MIDAS and ARDL
(autoregressive distributed lag) models,8

ytqq +h

⎧
pq
⎪
μ + k=0 βk+1 xqtq +h−J−k + utq +h
⎪
⎪
⎪
⎪
for quarterly indicators
⎪
⎪
⎪
⎨μ + pm ω (θ)xm
tq +h,N m −J−k + utq +h
k=0 k
=
⎪
for monthly indicators
⎪
⎪
pw
⎪
w
⎪
⎪
⎪μ + k=0 ωk (θ)xtq +h,N w −J−k + utq +h
⎪
⎩
for weekly indicators,

(3)

where x denotes the indicator, which is available in quarterly (xq ),
monthly (xm ) or weekly frequency (xw ). To allow for the most
ﬂexible dynamic speciﬁcation, non-stationary variables are included
as previous-period growth rates (stationary variables enter in
levels).
For the quarterly frequency, the model is simply a distributed lag model of the indicator which is estimated by OLS without any restrictions. For the indicators available in monthly frequency, N m − J − k denotes the monthly lag of a speciﬁc indicator and N m = 3 in this case (three monthly observations
per quarter). J indicates the number of missing observations (in
terms of months) for a speciﬁc quarter. k is measured in terms of
months. For instance, when all monthly information for a given
quarter is available, the forecasting horizon is h = 1, and six
months (two quarters) are considered as lags, k = 5, J = 0, and
m
m
m
m
m
xm
tq +1,3 , xtq +1,2 , xtq +1,1 , xtq +1,0 , xtq +1,−1 , xtq +1,−2 are used as regressors in the model. This implies using six lags of monthly observations
or a full set of information for quarter tq + 1 and tq .
8
In a previous version of the paper, we allowed for lagged endogenous terms.
However, this led to inferior forecasting results. Therefore, we opted for the
simpler speciﬁcation.
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For weekly observations the same reasoning applies, although
N w is larger than N m and time varying. Consequently, pw is allowed
to be larger than for quarterly and monthly indicators and J now
measures the number of missings weeks of the respective quarter.
The maximum lags for pq , pm , and pw are set to match roughly one
w
year of information; therefore, pqmax = 4, pm
max = 12, and pmax = 48.
For the higher-frequency indicators (monthly and weekly frequency) an Almon distributed lag model (Heinisch and Scheufele
2018) is applied. The function ωk (θ) is given by
ωki (θ) = ωki (θ0 , θ1 , . . . θq ) = θ0 + θ1 k + θ2 k 2 + · · · + θq k q .

(4)

In this case the model can be estimated by restricted least squares.
Even with a polynomial degree q that is substantially smaller than
p, many functional forms can be well approximated. For each indicator, q together with p is selected by Bayesian information criterion
(BIC) at each forecasting round (following Heinisch and Scheufele
2018).
To obtain the ﬁnal forecast, we then pool the individual forecasts of each indicator: we take the average of all models with a BIC
smaller than the one of the optimal AR model (GDP regressed on
a constant and its own lags, where the number of lags is chosen by
BIC).

3.3

Variable Selection Using a Speciﬁc-to-General Approach

A well-known alternative to information combination or model combination is variable selection. First, based on certain criteria, speciﬁc indicators from the large panel of indicators are selected. In
a next step, they are then used in single equations. Typical examples are step-wise procedures that add (speciﬁc-to-general) or eliminate (general-to-speciﬁc) variables from a speciﬁcation by means of
information criteria or statistical tests (see, e.g., Ng 2013). Recent
examples include Castle, Doornik, and Hendry (2011) and Chudik,
Kapetanios, and Pesaran (2016).
We use a modiﬁed version of the speciﬁc-to-general approach suggested by Herwartz (2011a, 2011b): when selecting the variables we
correct the signiﬁcance levels for multiple testing similar to Chudik,
Kapetanios, and Pesaran (2016). Moreover, we apply blocking (see,
e.g., McCracken, Owyang, and Sekhposyan 2015) and realignment
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to allow for mixed frequencies and diﬀerent publication lags. The
algorithm works as follows:
(i) The blocking and realignment yields a balanced quarterly
panel of candidate indicators, W (non-stationary variables
enter in terms of period-wise growth rates). The set of
selected indicators, W sg , is initialized with only a constant.
(ii) Project GDP growth onto W sg and retain the estimated
residuals û.
(iii) Separately regress û on each candidate indicator in W .
For each regression, calculate the Lagrange multiplier (LM)
statistic.
(iv) If the highest LM statistic is above the critical value computed according to the Benjamini and Hochberg (1995) procedure that controls for multiple testing, move the corresponding indicator from W to W sg and return to step (ii).
Otherwise proceed to step (v).
(v) Use the last iteration’s step (ii) projection to generate the
ﬁnal GDP forecast.

3.4

Benchmark Models

As benchmark models, we consider (i) optimal AR models and (ii)
popular leading indicators. The AR model has a maximum of four
lags, with the lag length being optimized at each forecast round using
the BIC. For the leading-indicator models, we consider the two most
prominent leading indicators for the Swiss economy: the PMI in the
manufacturing sector and the KOF economic barometer. Both indicators are released on a monthly basis, receive some attention in
the public, and are promising in terms of forecasting performance
(see, e.g., Maurer and Zeller 2009, Lahiri and Monokroussos 2013,
and Abberger et al. 2014). For the two leading indicators, we use the
same MIDAS framework as outlined in section 3.2, where the speciﬁcation is selected using BIC. Both the AR and the leading-indicator
models are optimized separately for each forecast horizon.
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Model and Forecast Evaluation

To evaluate the models, we produce a one- and two-quarter-ahead
forecast using a recursive pseudo-real-time setup.9 The diﬀerent
models are compared in terms of root mean squared error (RMSE).
The target variable is the annualized quarter-on-quarter growth of
Swiss GDP (real, calendar, and seasonally adjusted).
Two speciﬁc dates are selected to time the forecast production.
The ﬁrst, “early-quarter,” information set is given by indicator information available on the 11th of March/June/September/December.
At this date, surveys are usually available for one month of the nowcast quarter, hard data for one month or not at all, and ﬁnancial
data for two months.10 For this information set, we use an underlying
data vintage available on September 11, 2015.
The second, “late-quarter,” information set is given by data available on the 6th of May/August/November/February. At this date,
surveys are usually available for all three months of the nowcast
quarter, hard data for two or three months, and ﬁnancial data for
all three months. Theoretically, this additional information should
improve the forecasts. For this information set, we use an underlying
data vintage available on November 6, 2015.
The evaluation is conducted over the period 2005:Q1–2015:Q2. It
is based on GDP data that came with the State Secretariat for Economic Aﬀairs’ oﬃcial GDP release for the second quarter of 2015. In
what follows, the forecast horizon will always be deﬁned relative to
the GDP data situation. This means that if, e.g., GDP is available
up to Q4, the one-step-ahead forecast (i.e., the nowcast, deﬁned as
h = 1) will—for both information sets (March 11 and May 6)—
target Q1 GDP growth and the two-step-ahead forecast (h = 2) Q2
GDP growth.

9

Note that such a pseudo-real-time setup does not take into account the
fact that, in reality, indicators may be subject to revisions, including revisions
stemming from the seasonal adjustment procedure.
10
Kaufman and Scheufele (2017) investigate the informational content of the
surveys by the KOF Swiss Economic Institute—one of the main sources for business tendency data on Switzerland. They ﬁnd that these surveys are helpful for
explaining inﬂation, employment growth, and the output gap, but less so for GDP
growth.
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Figure 1. In-Sample Fit of the Three Approaches
under Investigation

Note: This graph shows the in-sample explanatory power of three models along
with quarterly annualized GDP growth.

4.1

In-Sample Fit

Figure 1 plots the in-sample ﬁt of the three approaches under investigation against realized GDP growth.11 Several observations are in
order. First, the models’ general interpretations of the business cycle
are similar: all models identify phases of weakness around 1996, 1999,
2002, and 2009. Also, the models agree that there were signiﬁcant
decelerations during 2011 (strong CHF appreciation and a global
slowdown) and at the beginning of 2015 (strong CHF appreciation
following the end of the EUR–CHF exchange rate ﬂoor). Second, the
11
While the computation of the DFM in-sample ﬁt is straightforward, it is less
obvious how to compute it based on MIDAS and VARSEL, because these are
direct forecasting approaches. For MIDAS and VARSEL we therefore estimate
the indicator models using a balanced data set. This implies that for a given
quarter of GDP we take all three months of indicator information as given.
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models also agree on a number of quarters, where GDP appears to be
driven by idiosyncrasies that are not mirrored in the broad data set
from which the model dynamics are constructed. Examples are the
strong GDP growth rates of 1995:Q1, 1999:Q3, and 2014:Q4 and the
weak GDP growth in 2004:Q3 and 2004:Q4, 2010:Q3, 2011:Q1, and
2014:Q2. This illustrates the usefulness of a large data set for measuring the underlying business cycle dynamics in a broader sense
than what is captured by GDP. Third, the smoothness of the insample ﬁt varies considerably, with the model combination approach
(MIDAS) being particularly smooth (standard deviation of 1.3).
The other two models—the dynamic factor model (DFM) and the
variable selection approach (VARSEL)—produce a more volatile ﬁt,
with standard deviations of approximately 1.9. For comparison, the
standard deviation of GDP is 2.4 percentage points. Fourth, the
in-sample ﬁt varies only slightly across models. MIDAS has an insample R2 of 0.71. The two other models’ R2 are 0.63 (VARSEL)
and 0.65 (DFM). Whether these good in-sample ﬁts translate into a
good forecasting performance will be addressed in the next section.

4.2

Out-of-Sample Evaluation Results

Figure 2 plots the forecasts of the three approaches under investigation over time. The main features of the models are directly visible in
these graphs. For the nowcast (h = 1), all of the investigated models
more or less follow the tendency of GDP growth. Clearly, there are
periods where the connection is stronger (e.g., before, during, and
after the ﬁnancial crisis) and periods where GDP growth deviates
more persistently from the predictions of the models (in 2005 and
2013). This broadly corresponds to the in-sample results. Generally,
forecasts of the diﬀerent models are highly correlated (particularly
for h = 1). Additionally, forecasts using the early-quarter information set are not much diﬀerent from the late-quarter information set.
As expected, the forecasts are more accurate for the nowcast (h = 1)
than for the following quarter (h = 2).
Looking at the diﬀerent models, we see that the DFM captures
the ﬁnancial crisis period 2008/09 very well. The model combination strategy (MIDAS) is less successful during the crisis than the
DFM, but at least gets the tendency right. It generally delivers less
volatile forecasts and is therefore less ﬂexible in situations of rapid
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Figure 2. Model Forecasts and Realizations

Notes: The graphs show the recursively computed annualized GDP forecasts of
diﬀerent models for two forecasting horizons (h = 1 and h = 2) and realized
GDP growth. Panel A is based on the early-quarter information set and panel B
is based on the late-quarter information set.

change. The variable selection approach also performs quite well for
the nowcast (h = 1) during the crisis period. However, this forecasting method is very volatile for h = 2 and seems to be less correlated
with GDP growth than most of the other forecasting models.
4.2.1

Average Performance

Table 2 reports the relative root mean squared errors of the models against the AR benchmark. Although the forecast errors for the
post-crisis sample—which covers 2010:Q1–2015:Q2—are, on average, smaller (see, e.g., the AR benchmark) in absolute terms, the
relative performance of the models under investigation has deteriorated somewhat (relative to the AR benchmark). A similar result is
well documented for the pre-crisis period relative to the crisis period
(Drechsel and Scheufele 2012; Kuzin, Marcellino, and Schumacher
2013).

Vol. 15 No. 2

Mixed-Frequency Models

165

Table 2. Relative RMSEs of Diﬀerent Forecasting
Methods

AR Benchmark

Total Sample
2005:Q1–2015:Q2

Post-Crisis Sample
2010:Q1–2015:Q2

h =1

h =2

h =1

h =2

2.1689

2.5081

1.6334

1.2686

A. Early-Quarter Information
a. Information Combination
DFM

0.666∗

0.806∗

0.909

1.221

0.760∗∗∗

0.927

0.936

1.470

b. Model Combination
MIDAS

0.768∗∗

0.870∗∗

c. Variable Selection
VARSEL

0.726∗

1.056

d. Leading Indicator Models
PMI
KOF Barometer

0.829
0.850

0.871∗
0.844

1.001
0.923

1.055
0.958

e. Pooling of Diﬀerent Procedures
COMBO1
COMBO2
COMBO3
COMBO4

0.654∗∗
0.641∗∗
0.630∗
0.700∗∗

0.701∗∗
0.782∗
0.792∗
0.942

0.809∗∗
0.785∗∗
0.838∗
0.776∗∗

0.999
1.112
1.261
1.149

B. Late-Quarter Information
a. Information Combination
DFM

0.656∗

0.588∗

0.833∗

1.114

0.704∗∗∗

0.922

0.937

1.486

b. Model Combination
MIDAS

0.719∗∗

0.818∗∗

c. Variable Selection
VARSEL

0.726∗

1.059

d. Leading Indicator Models
PMI
KOF Barometer

0.733∗
0.938

0.845
0.834

0.899
1.029

1.359
1.057
(continued )
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Table 2. (Continued)
Total Sample
2005:Q1–2015:Q2
h =1

h =2

Post-Crisis Sample
2010:Q1–2015:Q2
h =1

h =2

e. Pooling of Diﬀerent Procedures
COMBO1
COMBO2
COMBO3
COMBO4

0.619∗∗
0.615∗∗
0.617∗∗
0.676∗∗

0.588∗∗
0.711∗∗
0.695∗
0.918

0.741∗∗∗
0.741∗∗∗
0.797∗∗
0.753∗∗∗

0.930
1.039
1.143
1.153

Notes: The table shows relative root mean squared errors (RMSEs) for h = 1
(nowcast) and h = 2 (one additional quarter ahead) using two diﬀerent states of
information. Besides the benchmark AR model, all numbers are deﬁned relative to
the benchmark. Pooling of diﬀerent procedures includes the following models using
equal weights. COMBO1: DFM + MIDAS, COMBO2: DFM + MIDAS + VARSEL,
COMBO3: DFM + VARSEL, COMBO4: MIDAS + VARSEL. ***, **, and * indicate
whether a model’s predictive ability (using the DM test) is signiﬁcantly better than
the benchmark (at the 1 percent, 5 percent, and 10 percent level, respectively).

Overall, the DFM performs best in the total evaluation sample.
The forecast gains against the AR benchmark models are more than
30 percent. Compared with the leading-indicator models, the DFM
oﬀers improvements between 10 and 20 percent. In the post-crisis
sample, the gains relative to the AR decline to 10–20 percent. The
improvements in forecasting accuracy from the early-quarter to the
late-quarter information set are, on average, small. The gains from
the early to the late information set are only 1 percent and 5 percent, for the DFM and MIDAS, respectively. For h = 2, the gains
are slightly larger.
Among the approaches under investigation, the forecast gains
of the DFM against MIDAS and VARSEL are around 10 percent
for h = 1 (see table 3 for pairwise model comparisons). None of
the three models is able to systematically outperform the other
two approaches. When considering the pooling of diﬀerent methods (COMBO1 and COMBO2), we ﬁnd that those are on average
often better than the individual procedures and do signiﬁcantly outperform the variable selection procedure (VARSEL). For h = 2,
VARSEL performs very poorly compared with the other two produres and the pooling of methods.

1.15
1.09
0.98
0.96
35.7

1.10
1.11
0.94
0.94
31.0

MIDAS
VARSEL
COMBO1
COMBO2
Best Model
(in % of time)

MIDAS
VARSEL
COMBO1
COMBO2
Best Model
(in % of time)

1.01
0.86
0.86
38.1

0.94
0.85
0.83
45.2

MIDAS

COMBO1

DFM

0.98
4.8

0.85
0.85∗∗∗
14.3

∗

0.99
9.5

1.39
1.80∗∗
1.00
1.21
36.6

B. Late-Quarter Information

0.90
0.88∗∗
19.1

1.08
1.31∗∗∗
0.87
0.97
41.5

A. Early-Quarter Information

VARSEL

1.29∗∗∗
0.72
0.87
31.7

1.21∗∗∗
0.81
0.90
22.0

MIDAS

0.56∗∗
0.67∗∗∗
14.6

0.66∗∗∗
0.74∗∗∗
17.1

VARSEL

h =2

1.21∗∗
14.6

1.11∗∗∗
19.5

COMBO1

Notes: Results of pairwise comparisons are displayed using relative RMSEs and the test for equal predictive ability of DM. The
benchmark is given by the top line (and is used as the denominator of the relative RMSE). ***, **, and * indicate whether the DM
test is signiﬁcant at the 1 percent, 5 percent, and 10 percent level, respectively. Additionally, we show the percentage of times when
models provide the best forecast.

DFM

Bench

h =1

Table 3. Pairwise Forecast Comparisons
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Interestingly, when the focus is not on the average performance
in terms of RMSEs, but on picking the best model as often as possible (best model in percentage of time; see table 3), the ranking of
models changes. For h = 1, MIDAS is most often the model that
is closest to the realizations, followed by the DFM. For h = 2, the
order is turned around, with DFM slightly more successful. Pooling
of diﬀerent methods is not successful in this case.
The forecasting performance of model combination based on
MIDAS models is slightly less accurate for the total sample compared with the DFM. The forecasting gains in terms of RMSEs are
approximately 23 percent (early-quarter information) and 28 percent (late-quarter information). This is broadly in line with previous
research that compares similar methods (Bańbura et al. 2013; Kuzin,
Marcellino, and Schumacher 2013; Foroni and Marcellino 2014).
However, for the post-crisis sample and h = 1, model combination based on MIDAS models oﬀers the largest and most signiﬁcant
improvement relative to the benchmark model.
Interestingly, the speciﬁc-to-general variable selection approach
(VARSEL) performs reasonably well for the nowcast period (and is
able to outperform the benchmark for the total sample). For one
quarter ahead (h = 2), however, this approach is not very reliable,
and for the post-crisis sample there are no signiﬁcant improvements
relative to the benchmark.
It is also instructive to assess how three approaches under investigation compare with single-leading-indicator models. For the total
sample, the performance of the PMI and KOF economic barometer
is less accurate than the DFM and slightly inferior to the model
combination and variable selection approaches. Only the PMI oﬀers
some signiﬁcant improvements relative to the benchmark. The performances of the two leading-indicator models have clearly deteriorated in the post-crisis period, and the models contain only little information. Most interestingly, the KOF economic barometer—
which is itself calculated from a large-scale factor model—does not
outperform the much simpler PMI.
4.2.2

Varying the Size of the Data Set

The fact that we use a very large data set seems to be controversial. Boivin and Ng (2006) for the United States and Caggiano,
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Table 4. Relative RMSEs of DFMs Using
a Smaller Data Set
Early-Quarter
Information Set

Baseline
113 Indicators
20 Indicators

Late-Quarter
Information Set

h =1

h =2

h =1

h =2

0.666
0.719
0.733

0.806
0.809
1.037

0.656
0.682
0.705

0.588
0.722
0.877

Notes: The table shows relative root mean squared errors (RMSEs) against the AR
benchmark for h = 1 (nowcast) and h = 2 (one additional quarter ahead) using
two diﬀerent states of information. “Baseline” corresponds to the model considered
above; “113 Indicators” and “20 Indicators” use smaller data sets.

Kapetanios, and Labhard (2011) for some euro-area countries show
that including a very large set of variables in the factor model might
lead to inferior forecasting results. Moreover, Bańbura, Giannone,
and Reichlin (2011) and Bańbura and Modugno (2014) ﬁnd that
including disaggregate information does not lead to an improved
forecasting performance for euro-area GDP forecasts.
Therefore, we compare the best-performing model (the DFM
estimated with the EM algorithm) using the large data set with
DFMs using a medium-sized and a smaller data set. The smaller
data set contains twenty variables that were selected using expert
judgment, whereas the medium-sized data set contains 113 indicators that were selected as follows: we started with our large data
set and went through each of the indicator categories outlined in
table 1 of the paper. For categories with more than ten monthly
indicators, we deleted the quarterly indicators and some details of
the monthly indicators. For categories with less than ten monthly
indicators, we deleted details of the quarterly indicators. The goal
was the get about ﬁve to ten indicators per category.
Table 4 reports the results. The empirical performance of the
medium-sized data set is lower than that of the large data set,
although the diﬀerences are not very large and also the mediumsized data set still clearly beats all benchmarks. The smaller data
set performs clearly worse than the large data set and also worse
than the medium-sized data set.
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The fact that more indicators appear to be better for Switzerland is most likely driven by the relatively unsatisfactory data situation in Switzerland, which we describe in section 2: many indicators
that economists routinely use to track economic developments in
the United States (or also in the euro zone) are simply not available
for Switzerland or, if they are, they are only available on a quarterly
frequency, with a long publication lag and/or a short history. Therefore, it seems to be a good strategy to use whatever is available and
go with a large data set.
4.2.3

Time-Varying Forecasting Performance

Figure 3 gives a more complete picture of the time-varying performance of the models. First, it conﬁrms that the good performance of
the factor model mainly comes from the crisis period 2008/09. Second, it shows that the performance of the three approaches under
investigation relative to the AR benchmark has deteriorated in 2010–
13. Third, most recently, the models’ performance gained again,
most likely due to the exchange rate shock in 2015. Interestingly, the
performance of the model combination approach based on MIDAS
models remains very stable over time and is less sensitive.
4.2.4

Pooling Diﬀerent Forecasting Models

Table 2 and ﬁgure 3 show that one may obtain additional gains in
average performance and in terms of reliability (signiﬁcance) when
pooling diﬀerent forecast methods. For the total sample and the nowcast period, just pooling the DFM and MIDAS (COMBO1) results
in a very good performance. In some cases, pooling all three methods
(COMBO2) improves the results even further. Generally, the diﬀerent poolings perform very similarly, and it is diﬃcult to identify
a clear winner. Pooling of mixed-frequency model forecasts is stable and reliable in terms of forecast accuracy. Additionally, ﬁgure 3
shows that, since 2010, the pooling of diﬀerent procedures is superior
to the single DFM approach.
4.2.5

Forecasting the Tendency of Output Growth

When looking at other measures of forecasting performance, our general results hold. However, the details may be slightly diﬀerent. By
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Figure 3. Rolling Relative RMSEs (Two-Year Windows)

Notes: The graphs show eight quarters centered moving average of a model’s
RMSE relative to the AR benchmark model. Values smaller than one indicate
that the local forecasting performance is better than the benchmark model.
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looking at whether the models are able to accurately capture the
general tendency of output growth, we go from a continuous measure (in our case, the RMSE), to a nominal measure. In practice, the
forecaster may not be judged by the speciﬁc distance of the forecast to a target, but by whether he got the general tendency right.
By using a trichotomous measure, we take into account three diﬀerent phases: low, moderate, and strong growth states. We can then
investigate how our forecasts match those categories when compared
with the realizations. Our deﬁnition of the three diﬀerent phases
is motivated by two diﬀerent considerations: ﬁrst, by the empirical distribution of GDP growth since the 1990s, and second, by
policy considerations. A policymaker may be interested in whether
the economy expands robustly, which we deﬁne by growth that is
markedly greater than the long-term average of 1.6 percent—so we
opt for the 2 percent threshold. Additionally, a policymaker might
become worried when growth is only marginally positive or even
negative. This motivates our second threshold of 0.5 percent.
Table 5 shows the main results for the nowcast period. Generally, the main ﬁndings are compatible with previous results. First,
the diﬀerences among the diﬀerent approaches tend to be small. Second, all models under investigation are informative. Thus, the null
hypothesis of independence between forecasts and realizations can
be rejected in all cases. On average, the predictions match the corresponding realized categories in approximately 52–64 percent of the
cases. Third, there seems to be only a very small improvement in
terms of accuracy from the early to the late information set. Fourth,
model averaging does not improve the performance. Overall, the
DFM provides the best results in terms of predicting the business
cycle phase (correlation coeﬃcient).
5.

Conclusions

Monitoring economic developments in real time is one of the most
important but also most challenging tasks that the applied economist working on Switzerland faces. In this paper, we set up a large
database containing hundreds of potentially relevant variables. We
then considered diﬀerent approaches to condensing the information
of the data set into a GDP forecast. The traditional approaches
often used in practice select one or a few indicators based on expert
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Table 5. Contingency Tables for Business Cycle
Phase Predictions
A. Early-Quarter Information Set

Prediction
(–∞, 0.5]
(0.5, 2]
(2, +∞)
% of Correct
Predictions
Correlation
Coeﬃcient
Pearson χ2
p Value

Prediction
(–∞, 0.5]
(0.5, 2]
(2, +∞)
% of Correct
Predictions
Correlation
Coeﬃcient
Pearson χ2
p Value

a. DFM

b. MIDAS

Realization

Realization

(–∞, 0.5]

(0.5, 2]

(2, +∞)

(–∞, 0.5]

(0.5, 2]

(2, +∞)

11.9
4.8
2.4

4.8
4.8
14.3

2.4
14.3
40.5
57.14

7.1
9.5
2.4

0.0
11.9
11.9

2.4
16.7
38.1
57.14

0.59

0.55

14.40
0.006

12.80
0.012

d. VARSEL

e. COMBO1

Realization

Realization

(–∞, 0.5]

(0.5, 2]

(2, +∞)

(–∞, 0.5]

(0.5, 2]

(2, +∞)

11.9
4.8
2.4

7.1
4.8
11.9

0.0
16.7
40.5
57.14

11.9
4.8
2.4

2.4
7.1
14.3

2.4
16.7
38.1
57.14

0.64

0.61

17.15
0.002

15.93
0.003

B. Late-Quarter Information Set

Prediction
(–∞, 0.5]
(0.5, 2]
(2, +∞)
% of Correct
Predictions
Correlation
Coeﬃcient
Pearson χ2
p Value

a. DFM

b. MIDAS

Realization

Realization

(–∞, 0.5]

(0.5, 2]

(2, +∞)

(–∞, 0.5]

(0.5, 2]

(2, +∞)

11.9
4.8
2.4

4.8
7.1
11.9

2.4
9.5
45.2
64.29

7.1
11.9
0.0

2.4
7.1
14.3

2.4
16.7
38.1
52.38

0.65

0.55

17.56
0.002

12.86
0.012

(continued )
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Table 5. (Continued)
B. Late-Quarter Information Set

Prediction
(–∞, 0.5]
(0.5, 2]
(2, +∞)
% of Correct
Predictions
Correlation
Coeﬃcient
Pearson χ2
p Value

d. VARSEL

e. COMBO1

Realization

Realization

(–∞, 0.5]

(0.5, 2]

(2, +∞)

(–∞, 0.5]

(0.5, 2]

(2, +∞)

11.9
4.8
2.4

7.1
4.8
11.9

0.0
16.7
40.5
57.14

9.5
7.1
2.4

2.4
7.1
14.3

2.4
14.3
40.5
57.14

0.64

0.55

17.15
0.002

12.92
0.012

Notes: Results of pairwise comparisons about three diﬀerent business cycle phases. The numbers
reﬂect frequencies (in percentage points) how predictions match with realizations. 1: low/negative
growth (below 0.5 percent), 2: moderate growth (0.5–2 percent), and 3: high growth (above 2 percent). Additionally, statistics about the degree of association are displayed (as well as a test of
independence).

knowledge and derive the forecast using OLS regressions or a smallscale dynamic factor model. Alternatively, one may use all indicators
without an expert’s pre-selection. We presented and compared three
approaches to doing so.
The ﬁrst approach, factor-based information combination,
extracts a small number of common factors from the database and
forms GDP forecasts based on these factors. It is implemented by a
Kalman-ﬁlter-based DFM approach which is estimated by the EM
algorithm. This method provides very good results for nowcasting
GDP and beats relevant benchmarks such as univariate time-series
models, prominent leading-indicator models, and a small-scale factor
model.
The second approach, model combination, performs estimations
based on MIDAS equations for each indicator and then combines the
resulting forecasts to form a ﬁnal GDP forecast. This makes communicating a particular indicator’s contribution to the forecast very
easy. Also, the variation in the distribution of the forecasts over time
can be used as a measure of uncertainty. Moreover, it is quite easy
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to implement. This model performs slightly worse than the dynamic
factor model within the total evaluation sample, mainly because
it is not fully able to catch the large drop in output during the
ﬁnancial crisis. For the post-crisis sample, however, its forecasting
performance is even slightly better than the factor model.
Our third approach to extract relevant information from the large
data set is variable selection. A speciﬁc-to-general approach that
can handle very large data sets and mixed frequencies is used for
this purpose. Although this approach delivers forecasts that are less
accurate than those of the information combination approach and
the model combination approach, in certain cases, it still oﬀers some
improvements against the benchmark.
Additionally, we experimented with pooling the three approaches’
forecasts. Forecast pooling of two or three methods delivers very reliable forecasts. Overall, this suggests that it is best to employ several
short-term forecast methods on a large data set and to pool the
results of the most-promising methods. This is much better than
relying on one method that uses only one indicator, and it is particularly beneﬁcial after the ﬁnancial crisis. Given this ﬁnding, we
strongly recommend using a large data set and several forecasting
approaches when monitoring the Swiss economy.
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