A Service of

[ ) [ J
(] [ )
J ﬂ Leibniz-Informationszentrum
° Wirtschaft
o Leibniz Information Centre
h for Economics

Make Your Publications Visible.

Siliverstovs, Boriss

Article

The Real-Time Predictive Content of the KOF Economic

Barometer

Swiss Journal of Economics and Statistics

Provided in Cooperation with:

Swiss Society of Economics and Statistics, Zurich

Suggested Citation: Siliverstovs, Boriss (2011) : The Real-Time Predictive Content of the KOF Economic
Barometer, Swiss Journal of Economics and Statistics, ISSN 2235-6282, Springer, Heidelberg, Vol.

147, Iss. 3, pp. 353-375,
https://doi.org/10.1007/BF03399350

This Version is available at:
https://hdl.handle.net/10419/185984

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor durfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dirfen die Dokumente nicht fiir 6ffentliche oder kommerzielle
Zwecke vervielféltigen, 6ffentlich ausstellen, 6ffentlich zugénglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfiigung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewahrten Nutzungsrechte.

-. https://creativecommons.org/licenses/by/4.0/

WWW.ECONSTOR.EU

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

Mitglied der

Leibniz-Gemeinschaft ;


https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.1007/BF03399350%0A
https://hdl.handle.net/10419/185984
https://creativecommons.org/licenses/by/4.0/
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/

The Real-Time Predictive Content
of the KOF Economic Barometer

BoRriss SILIVERSTOVS®

JEL-Classification: C53, C22
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1. Introduction

Decision makers face uncertainty not only about the future development of the
economy but also regarding its current state. The uncertainty about the current
state of the economy — usually measured by GDP — stems from the fact that quar-
terly GDP data are only made available with a lag. In case of the United States
the delay is about one month after the end of the quarter. European GDP data
are usually released with a delay of about six weeks. Moreover, GDP data often
undergo substantial revisions as more information becomes available.

Up to date, a significant body of literature has evolved that attempts to reduce
the uncertainty about the current and future developments of economy by relying
on the leading indicators.' The recent economic crisis has increased the interest
in this timely source of information.

a  ETH Zurich, KOF Swiss Economic Institute, Weinbergstrasse 35, 8092 Zurich, Switzerland,
e-mail: boriss.siliverstovs@kof.ethz.ch, +41 44 632 46 24
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would like to thank Philip Hubbard for the permission to use consensus forecasts data in this
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354 Boriss SILIVERSTOVS

In Switzerland one of the most closely monitored leading indicators of eco-
nomic activity is the KOF Economic Barometer. This paper provides an analy-
sis of the predictive content of the KOF Barometer in forecasting the quarterly
year-on-year growth rate of real GDP in Switzerland. We compare the forecast-
ing performance of the KOF Barometer to that of the following benchmarks:
forecasts from univariate autoregressive models and forecasts published by Con-
sensus Economics Inc. The former allows us to disentangle the predictive con-
tent of the KOF Barometer from information contained in the GDP time series
itself. Despite its simplicity, it is widely acknowledged that autoregressive models
often attain forecast accuracy that it is quite difficult to improve upon. The latter
benchmark forecasts are used in order to pit the forecasting performance of the
KOF Barometer against predictions of seasoned and skilled professional fore-
casters that in their judgements may use additional information available or the
information provided by the KOF Barometer in a more sophisticated way than
we pursue in this paper.

We perform our forecasting exercise in a real-time setting. For this purpose
we constructed a real-time data set consisting of all historical quarterly vintages
released by the State Secretariat of Economic Affairs (SECO) of the quarterly
year-on-year growth rate of real GDP and all historical monthly vintages of the
KOF Economic Barometer starting from April 2006 when the KOF Economic
Barometer based on a multisectoral design was introduced (GRAEE, 2006, 2010).
It means that when making our forecasts we only use information that was
known to the forecaster. For example, in January 2010 in order to predict the
GDP growth rate in the second quarter of 2010, one had to use the latest avail-
able vintage of GDP data that was released by SECO in December 2009. Given
the publication lag, this vintage contains the latest GDP observation for the third
quarter of 2009. For the KOF Barometer it implies that one has to use the cor-
responding vintage released in January. Since the KOF Barometer has no publi-
cation lag, its last available value is for January 2010.

The importance of using real-time instead of latest available data has been
emphasized in numerous studies, as it has been shown, for example by DieoLD
and RupesuscH (1991) and, more recently, by AMaTOo and Swanson (2001)
and CROUSHORE (2005) that any favorable conclusion on the forecasting prop-
erties of leading indicators obtained using latest available data may be substan-
tially weakened or even reversed when the forecasting exercise is replicated using
real-time data. The main contribution of our study is that it is the first paper
that assesses leading properties of the KOF Economic Barometer in real time. In
addition, our forecast sample includes the recent financial crisis, allowing us to
verify the forecasting power of the leading indicator under stress conditions. We
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demonstrate that it is useful for short-term forecasting of the Swiss GDP provid-
ing more accurate forecasts than the benchmark models.

The rest of the paper is structured as follows. Section 2 relates the present paper
to previous research. The econometric framework and the results are described
in Sections 3 and 4, respectively. The final section concludes.

2. KOF Economic Barometer

In Switzerland the use of business tendency surveys for assessing the economic
situation has a long tradition. The first version of the KOF Barometer was devel-
oped in 1976. In 1998 it underwent a slight modification. In April 2006 the tra-
ditional KOF Barometer was replaced by the new KOF Barometer based on a
multi-sectoral design (GraFr, 2006, 2010).

GRAFF (2010) compares the predictive accuracy of the old KOF Barometer

with that of a new one for the forecast period from 2003Q1 until 2006Q2. The
most interesting feature of GRAFF (2010) is that a distinction between real-time
and latest available data is made in using the barometer in out-of-sample forecast-
ing. However, while coming close to simulating forecasting exercise in real time,
GRAEF (2010) does not take into account that during the forecast period not only
the KOF Barometer but also the GDP vintages underwent substantial revisions
(Cucre-Currr, Harr and ZanerTi, 2008). Hence by utilizing for forecast the
latest available figures for the time series as they were known at the end of the
forecast period, GRAFE (2010) is likely to overstate the forecasting accuracy of
the leading indicator. GRAFF (2010) reports a significant improvement in forecast
accuracy of the newly designed KOF Barometer over the traditional one. This,
however, might be at least partly explained by the fact that the components of
the new KOF Barometer were pre-selected using information for the whole fore-
cast period that was clearly not available to forecasters who constructed the old
KOF Barometer back in 1976.
Our study distinguishes itself from GRAFE (2010) in one important aspect. We
conduct our exercise in real time; i.e., using real-time vintages both for the KOF
Barometer as well as for the GDP growth rate. In doing so, we avoid biasing our
results in favour of the leading indicator.

Swiss Journal of Economics and Statistics, 2011, Vol. 147 (3)
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3. Forecasting Framework

We forecast the quarterly year-on-year GDP growth rate in a target quarter 7+ 1.
The release schedule of the GDP and the KOF Barometer is shown in Figure 1.
In this figure, 7+ 7 denotes quarters, with 7=-1,0,1,2, and the Roman numer-
als indicate the months of the respective quarters. The Swiss State Secretariat for
Economic Affairs (SECO) releases GDP vintages in the beginning of the third
month in each quarter. The publication lag comprises one quarter, implying that
the first GDP estimate for the quarter 74 is released in the quarter 747+ 1,
with j=-2,-1,0,1. We denote such vintage by GDP_; _...,. The KOF Barom-
eter is released at the end of each month and has no publication lag. KOF_
with £#=0,1, stands for vintages of the KOF Barometer that are released in the
end of each month M=LILIII in the respective quarters 7+ k.

We distinguish between the following six forecasts, corresponding to six
monthly releases of the KOF Barometer during quarters 7and 74 1. We denote
these forecasts by r=1,2,...,6. Let {1, with £=0,1, be the information seta-
vailable to a forecaster at each forecast round r=1,2,...6 in respective quar-
ters 7 and 7+ 1. Then, Q. ={GDP_, ;KOF, O’ ={GDP_, ;KOFu},
. ={GDP,_, ,;KOFu}, 2, ={GDP_, ;KOF }, O, ={GDP,.,;KOF s},
and Q°, ={GDP__, ;KOF _ u}. The forecasts of quarterly year-on-year GDP
growth rate in the quarter 7+ 1 are compared with the actual values released in
avintage GDP, ., in the quarter 7+ 2. Observe that our first forecast is about
seven months ahead of the first GDP release by SECO. Our sixth and last fore-
cast precedes an official GDP data release by about two months.

Every forecast is constructed in three steps. First, in cases where the last avail-
able values of the KOF Barometer are either for the first or second month of a
quarter (this happens for »=1,2,4,5) we use a univariate autoregressive model to
produce forecasts of the values of the KOF Barometer in the remaining months
of the quarter. In these auxiliary regressions, the optimal lag length is automati-
cally selected by the Schwarz Information Criterion (SIC).

Second, since the KOF Barometer is released at a monthly frequency and the
GDP growth rate is a quarterly time series, one has to convert the original KOF
Barometer to the quarterly frequency. This conversion is achieved by assuming
that the value of the KOF Barometer actually recorded (or forecast in the first
step) for the last month of a quarter is representative for the whole quarter.”

2 Analternative conversion method is to use the average of monthly values of the KOF Barom-
eter as the representative for the whole quarter. This approach yielded slightly worse forecast-
ing performance and for the sake of saving space is not reported.
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Figure 1: Data Release Schedule
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Notes: T+ i denotes quarters, with i=-1,0,1,2. The Roman numerals indicate the months of the
quarters. GDP ..., denotes GDP vintages released by SECO in the quarter 7+ ;41 that have
observations up to the quarter 7+, with j=-2,-1,0,1. KOF_, » with £=0,1 stands for vintages of
the KOF Barometer that are released at the end of each month M=TLILIIT in the respective quar-
ters. Fere ()., , is the information set available to a forecaster at each forecast round r=1,2,...,6.
Observe that £#=1 for »=1,2,3 and =1 for r=4,5,6. Then

Q' ={GDP, ,, ;KOF 4, @*={GDP,_, sKOFu}, (%’ ={GDP
Q' =(GDP_, ;KOF_}, ¥’ ={GDP,

T+

(-1, 7);KOFTm},

s iKOF i}, and Q% ={GDP,__, ;KOF__ui.

All the forecasts of the GDP growth rate for the target quarter 74 1 are compared with the first
official estimate of GDP growth rate in this quarter released in the vintage GDP_, ..
Economics Inc. releases its forecasts shortly after official publications of GDP. A next-quarter con-
sensus forecast of GDP in 7+ 1 is available at 7", shortly after the release of vintage GDP, A
current-quarter consensus forecast of GDP in 7+ 1 is available at 74 1", shortly after the release
of vintage GDP,

Consensus

1,7

)"

In the third step the forecasts are computed. In this step we utilize two basic
strategies for generating multi-period forecasts: a direct approach and an iter-
ated approach.’

3 Previous literature has pointed out that the iterated approach produces more efficient param-
eter estimates than the direct approach, but the latter method is more robust to model mis-
specification. Given the ambiguity regarding true data generating process, the choice of either
method is an empirical one (MARCELLINO, STOCK and WaTsoN, 2006).

Swiss Journal of Economics and Statistics, 2011, Vol. 147 (3)
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First we describe the direct forecasting approach. Forecasts for a target quarter
7+ 1 conditional on the information set {7, , are generated using the following
AutoRegressive Distributed Lag (ARDL) model:

YT+1\Q_H . =Q, +ZO&I il +Z/6 X:Jrl—j’ (1)

h=3forr=1,h=2forr=23,4,and h=1for r=5,6
k=1forr=1,2,3,and £ =0 for r = 4,5,6,

where ¥/ is the year-on-year quarterly growth rate* of real GDP observed in quar-
ter 7 for a GDP vintage available in a forecast round 7, with r=1,2,...,6. X is
the KOF Barometer transformed to quarterly frequency. The model parameters
are estimated using data in the window terminating in quarter 74 1 — 4, with
h=1,2,3.

The following univariate autoregressive model serves as a benchmark model:

YT+1\QT+1 " Oé +Zat TH1—i* (2)

Next we describe the iterative forecasting approach. We denote by y’ the quar-
terly growth rate’ of real GDP observed in a particular quarter for a GDP vin-
tage available for a forecast round 7, with »=1,2,...,6. The corresponding fore-
casting model is as follows:

A

5 5
')/:'JFI‘Q;JA—Ie = aO + ZO( .y7'+1 t\QTH " + Zﬁ]}?;+17] + ’y/SEIqSTJrI 4 (3)
i=1 j=k

r . :
where 37 W, = Ve if i>h and SEAS. is a vector of seasonal dummies.

The parameters are estimated using data in the window terminating in quarter
T+1—h.

4 In order to match the values of the dependent variable with those published by the SECO,
we calculate V" by exact formula for obtaining year-to-year growth rates from levels of the
reference time series. Denoting the levels of a quarterly time series z,, the year-to-year growth
rates are (z, —z,_,)/ z,_,*100.

5 We calculate y by exact formula for obtaining quarterly growth rates from levels of the ref-
erence time series. Denoting the levelsof a quarterly time series z, the quarterly growth rates
are (z, —z,_,) / z,_, *100.
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Once forecasts of quarterly growth rates have been computed we convert them
to year-on-year growth rates as follows:

f[ y’“ "“’“ £l -1[%100 “)
YT+1\Q 1 k - >

r . —
where j7 i = Ve for i>hand £=0,1.
For the iterative method, we employ another benchmark autoregressive model

based on Equation (3) with imposed zero restriction on all 3, coefficients:

),T+1\Q’ 1k =+ Za -y:'-#l—il&l;ﬂ% + 7/5M57+1' ®)

Equations (1), (2), (3), and (5) represent general specifications. When making
forecasts, an optimal lag augmentation was selected by minimizing the Schwarz
Information Criterion.

We illustrate the presented notation with the following example of predicting
GDP growth rate in the target quarter 2010Q2 for =1, implying that /=3
and #=1.° For the direct forecasting method we have:

1 1 1
2010Q2 f ( 2009Q3° 2009Q2’ YZOOSQS’XZOIOQI’ X2009Q1) (6)

For the iterative forecasting method we chain one-step ahead forecasts as
follows:

1
X 008Q3)

Al . 1 1 1 1
V2009Q4 — f(.yZOO‘)QS’,y2009Q2"“’.y2008Q3’ X2009Q3’
Al . Al 1 1 1 1
Ja010Q1 = f()’2009Q4’J’2009Q3"'~’)’2008Q4’ X2009Q4’ X2008Q4)
Al _ Al Al 1 1 1
Yaor0q2 = f(.)’ZOIOQl’.y2009Q4""’.y2009Q1’ XZOIOQI’ X2009Q1)'

a

2010Q2 —

[1 + )A’iosz
100

[1 + }A’;ole }[1 + }A’;009Q4
100 100

1
[1+)/2009Q3]_1]*100. )
100

In addition we compare the forecast accuracy of the ARDL models with that

of forecasts provided by Consensus Economics Inc. Consensus Economics Inc.

6 For notational simplicity we omit the statement that forecasts are conditional on the relevant
. . 1
information set (2, -
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releases its forecasts shortly after official publications of GDP. A next-quarter con-
sensus forecast of GDP in 7+ 1 is available at 7", shortly after the release of vin-
tage GDP__| . A current-quarter consensus forecast of GDP in 7+ 1 is available
at 7+ 1", shortly after the release of vintage GDP, . Hence, the next-quarter
and current-quarter consensus forecasts are released approximately at the same
time as our forecasts for 7=2 and r=75 are computed, respectively.

The forecast sample is 2006Q3-2010Q2. For the estimation of model param-
eters we use a rolling estimation window of fixed size. Given real-time availa-
bility of the data, the initial estimation window used for predicting the growth
rate in 2006Q3 is 1993Q4-2005Q4 for = 1. For r=2,3,4 the initial estimation
window is 1993Q4-2006Q)1, and for r=75,6 is 1993Q4-2006Q2. For the next
target quarter 2006Q4 we move the estimation windows one quarter forward;
i.e., we use the estimation windows 1994Q1-2006Q1, 1994Q1-2006Q2, and
1994Q1-2006Q3 for r=1, r=2,3,4, and r= 5,06, respectively.

4. Results

In this section we report the results of both in-sample and out-of-sample model
comparison. First, we consider the in-sample evidence. The latest available vin-
tages of both time series (adjusted to have the same mean and range) are dis-
played in Figure 2. For the most of the observation period — with the exception
of the year 1994 — the KOF Barometer shows itself as a truly leading indicator.
It appears to lead most of the turning points in GDP growth and, more impor-
tantly, it timely reacts to the current recession.

We follow AMaTo and Swanson (2001) by presenting the results of standard
Granger causality tests. The null hypothesis is that the KOF Barometer does not
Granger cause GDP growth rate in Switzerland. For every estimation window we
performed a sequence of Wald tests of the coefficients ,6].: 0 in Equations (1) and
(3) for the direct and iterative forecasts, respectively. The corresponding p-values
are reported in Table 1 in the upper and lower panels in columns labeled GC.
The null hypothesis can be decisively rejected for every estimation window. We
also compared competing models in terms of the Schwarz Information Criterion
(GRANGER, KiNnG and WHITE, 1995) presented in Table 1. According to the SIC,
the ARDL model should be preferred to the univariate autoregressive models in
all and in all but a few cases for direct and iterating forecasts, respectively.

Next we present the results of the out-of-sample forecasting exercise. The
ability of a leading indicator to predict GDP growth rate out of sample is a
more informative test regarding causation between the two time series than the

Swiss Journal of Economics and Statistics, 2011, Vol. 147 (3)
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Figure 2: Quarterly Year-On-Year Real GDP Growth Rate® and the KOF Barometer”

3L GDP
1 --- KOF Barometer

1990 1995 2000 2005

a  Vintage released on 02/09/2010.
b Released on 27/08/2010; only the values of the last month of each quarter are reported.
Both time series were adjusted to have the same mean and range.

in-sample evidence. As noted in AsHLEY, GRANGER and ScHMALENSEE (1980,
p- 1149): “In our view the out-of-sample forecasting performance ... provide[s] the
best information bearing on hypotheses about causation.” Table 2 summarizes
our findings for direct (upper panel) and iterative (lower panel) forecasts. We
measure forecast accuracy by computing the Root Mean Squared Forecast Error
(RMSFE) reported in columns (1), (2), and (3) for the AR, ARDL models as well
as for the forecasts from Consensus Economics Inc., respectively. Recall that con-
sensus forecasts are released only once per quarter. Columns (4) and (5) report
the relative RMSFE of the ARDL model to the two benchmark forecasts.
Based on Table 2 several observations can be made. First, the ARDL model pro-
duces more accurate forecasts than the univariate AR model and, more interest-
ingly, than the consensus forecasts as the corresponding RMSFE ratios are below
one. Second, compared to the AR model forecasts the most sizeable improvement
in forecast accuracy takes place for r=1 and r=4, i.e., when a new value of the
KOF Barometer is released in the first month of a new quarter. Thirdly, the most

Swiss Journal of Economics and Statistics, 2011, Vol. 147 (3)
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Table 1: In-Sample Model Comparison: Direct and Iterated Forecasts

Direct forecasts

Forecast GC SIC” GC SIC GC SIC
quarter ARDL AR ARDL AR ARDL AR
Forecast r=1 r=2 r=3
2006Q3 [0.000] 0.387 0.797 |[0.000] 0.380 0.664 |[0.000] 0.380 0.664
2006Q4 [0.000] 0.384 0.825 |[[0.000] 0.286 0.665 |[0.000] 0.287  0.665
2007Q1 [0.000] 0.339 0.840 |[0.000] 0.289 0.659 |[0.000] 0.290 0.659
2007Q2 [0.000] 0.354 0.821 |[[0.000] 0.178 0.610 |[0.000] 0.180 0.610
2007Q3 [0.000] 0.217 0.810 |[0.000] 0.021 0.615 |[0.000] 0.021 0.615
2007Q4 [0.000] —0.025 0.814 |[0.000] 0.159 0.698 |[0.000] 0.159 0.698
2008Q1 [0.000] —0.066  0.866 |[0.000] —0.050  0.700 | [0.000] —0.048  0.700
2008Q2 [0.000] —-0.151  0.877 |[0.000] —=0.199  0.659 | [0.000] —0.199  0.659
2008Q3 [0.000] —0.257  0.884 |[0.000] —0.223  0.661 | [0.000] —0.222  0.661
2008Q4 [0.000] -0.459  0.863 |[0.000] —0.185 0.586 | [0.000] —0.181  0.586
2009Q1 [0.000] —0.251  0.857 | [0.000] —=0.210  0.592 | [0.000] —0.212  0.592
2009Q2 [0.000] —-0.248  0.878 |[0.000] -0.138  0.674 |[0.000] -0.139  0.674
2009Q3 [0.000] —-0.168 0.932 | [0.000] —0.066 0.801 | [0.000] —0.070  0.801
2009Q4 [0.000] -0.100  1.076 | [0.000] —0.006  0.751 | [0.000] —0.006 0.751
2010Q1 [0.000] —-0.017  1.122 |[0.000] —0.013 0.774 |[0.000] —0.019  0.774
2010Q2 [0.000] —-0.029 1.167 |[0.000] 0.027 0.813 |[0.000] 0.027 0.813
Forecast r=4 r=>5 r=6
2006Q3 [0.000] 0.450 0.664 |[0.002] —0.087 -0.041 | [0.002] —0.088 -0.041
2006Q4 [0.000] 0.364 0.665 |[0.001] —=0.142 —0.060 | [0.001] —0.142 —0.060
2007Q1 [0.000] 0.360 0.659 |[0.001] —0.145 —0.070 | [0.001] —0.144 —0.070
2007Q2 [0.000] 0.251 0.610 |[0.000] -0.321 -0.099 |[0.000] -0.321 -0.099
2007Q3 [0.000] 0.080 0.615 |[0.001] -0.341 -0.216 |[0.001] —0.343 -0.216
2007Q4 [0.000] 0.157 0.698 |[0.000] -0.419 -0.212 |[0.000] -0.419 -0.212
2008Q1 [0.000] —0.039  0.700 | [0.000] —0.452 -0.176 | [0.000] —0.452 -0.176
2008Q2 [0.000] —-0.158  0.659 |[0.000] —0.465 -0.162 | [0.000] —0.465 -0.162
2008Q3 [0.000] —-0.186  0.661 |[0.000] —0.440 -0.237 |[0.000] —0.437 —0.237
2008Q4 [0.000] —-0.142  0.586 |[0.000] -0.519 -0.223 | [0.000] -0.519 -0.223
2009Q1 [0.000] —-0.172  0.592 | [0.000] —0.461 -0.136 | [0.000] —0.461 -0.136
2009Q2 [0.000] -0.153  0.674 |[0.000] —0.452 -0.047 |[0.000] —0.453 —0.047
2009Q3 [0.000] —-0.108  0.801 |[0.000] —-0.730 -0.333 | [0.000] —-0.729 -0.333
2009Q4 [0.000] -0.136  0.751 |[0.000] -0.750 -0.326 |[0.000] —-0.752 -0.326
2010Q1 [0.000] —-0.141  0.774 |[0.000] —0.706 —0.286 |[0.000] —0.706 —0.286
[ [ ] [ ]

2010Q2 0.000] —0.120  0.813 |[0.000] —0.712 -0.340 | [0.000] —0.712 —0.340
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Table 1 continued

Iterated forecasts

Forecast GC SIC GC SIC GC SIC
quarter ARDL AR ARDL AR ARDL AR
Forecast r=1 r=2 r=3
2006Q3 [0.003] —0.254 —0.160 | [0.003] —0.268 —0.169 | [0.003] —0.268 —0.169
2006Q4 [0.003] —0.242 —0.140 | [0.004] —0.209 —0.137 | [0.004] —0.206 —-0.137
2007Q1 [0.005] —-0.173 -0.109 | [0.007] —0.181 -0.147 |[0.007] -0.179 —0.147
2007Q2 [0.001] -0.341 -0.184 |[0.001] -0.376 -0.212 |[0.001] -0.375 -0.212
2007Q3 [0.001] —0.390 -0.184 | [0.000] —0.424 -0.206 | [0.000] —0.424 —0.206
2007Q4 [0.000] —0.476 —0.183 | [0.001] —0.181 —-0.034 | [0.001] —0.181 —0.034
2008Q1 [0.000] —0.468 -0.155 | [0.000] —0.504 -0.185 | [0.000] —0.504 -0.185
2008Q2 [0.000] —0.474 -0.217 |[0.000] —0.445 -0.141 |[0.000] —-0.445 -0.141
2008Q3 [0.000] —0.412 —0.116 | [0.000] —0.442 —0.143 | [0.000] —0.442 —0.143
2008Q4 [0.000] —-0.531 -0.139 | [0.000] —0.455 -0.164 | [0.000] —0.452 -0.164
2009Q1 [0.000] —0.422 -0.136 | [0.000] —0.424 -0.135 |[0.000] —0.425 -0.135
2009Q2 [0.000] —-0.394 -0.104 | [0.000] —-0.323 -0.048 |[0.000] —-0.324 -0.048
2009Q3 [0.000] —0.288 -0.056 | [0.000] —0.316 -0.032 | [0.000] —0.316 -0.032
2009Q4 [0.000] —0.294 -0.008 | [0.003] —0.428 -0.328 | [0.003] —0.428 -0.328
2010Q1 [0.002] —0.426 -0.317 |[0.001] —0.512 -0.348 | [0.001] -0.518 -0.348
2010Q2 [0.002] —0.508 —0.377 |[0.001] —0.482 —0.346 |[0.001] —0.482 —0.346
Forecast r=4 r=5 r=6

2006Q3 [0.002] —-0.250 -0.169 | [0.005] -0.197 -0.167 |[0.005] -0.195 -0.167
2006Q4 [0.006] =0.162 —0.137 | [0.008] —=0.174 —0.174 |[0.008] —0.173 —0.174
2007Q1 [0.010] —-0.136 -0.147 |[0.008] —0.174 -0.174 |[0.008] —-0.172 -0.174
2007Q2 [0.001] -0.341 -0.212 | [0.001] —-0.377 -0.232 |[0.001] -0.377 -0.232
2007Q3 [0.000] —-0.393 -0.206 | [0.001] -0.176 -0.061 | [0.001] -0.175 -0.061
2007Q4 [0.001] =0.150 —0.034 | [0.001] —0.186 —0.063 | [0.001] —0.185 —0.063
2008Q1 [0.000] —0.493 -0.185 | [0.000] —0.471 -0.150 | [0.000] —0.472 -0.150
2008Q2 [0.000] —0.435 -0.141 |[0.000] -0.471 -0.168 |[0.000] -0.471 -0.168
2008Q3 [0.000] —0.443 —0.143 | [0.000] —0.403 —0.192 | [0.000] —0.404 —0.192
2008Q4 [0.000] =0.411 —0.164 | [0.000] —0.424 —-0.163 | [0.000] —0.425 -0.163
2009Q1 [0.000] —0.393 -0.135 | [0.000] —0.366 —0.078 |[0.000] —0.365 -0.078
2009Q2 [0.000] —0.345 —0.048 | [0.000] —0.380 —0.026 | [0.000] —0.379 —0.026
2009Q3 [0.000] —0.345 -0.032 | [0.000] —0.586 -0.359 |[0.000] —0.585 —0.359
2009Q4 [0.000] —=0.550 -0.328 | [0.000] —=0.609 -0.361 | [0.000] —-0.611 -0.361
2010Q1 [0.000] —0.619 -0.348 | [0.000] —-0.614 -0.325 |[0.000] -0.614 -0.325
2010Q2 [0.000] —0.589 —0.346 | [0.000] —0.620 —0.349 | [0.000] —0.621 —0.349
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Notes to Table 1

The table presents the outcome of in-sample evaluation of the competing nested models. For each

forecast quarter the six consecutive forecasting models »=1,2,...,6 were estimated using appropri-

ate vintages of the KOF Barometer and GDP according to their availability in real time; see the
end of Section 3 for an illustrating example.

a  “GC” stands for Granger Causality. The column entries are marginal significance levels (p-val-
ues) for the null hypothesis that the KOF Barometer does not Granger cause real GDP growth
rate.

b The Schwarz Information Criterion (SIC) is reported for the ARDL and AR models shown
in Equations (1) and (2) and (3) and (5) for direct and iterative forecasts, respectively.

Notes to Table 2

a  Columns (1)—(3) report the RMSFE for forecasts from AR and ARDL models as well as for
forecasts (CF) reported by Consensus Economics Inc. The consensus forecasts are released
once per quarter and they refer to the next-quarter forecasts (r=2) and the current-quarter
forecasts (r=>5).

b Columns (4) and (5) report the ratios of RMSFE of the ARDL model to those of the AR model
and the consensus forecasts.

¢ Incolumn (6), the marginal significance levels (p-values) for the null hypothesis of equal pre-
dictive accuracy between the ARDL and the AR models are reported. We use the test of CLARK
and WEsT (2007) that is appropriate for comparing predictive accuracy between nested models.
The one sided alternative hypothesis is used that the ARDL model produces more accurate
forecasts than the AR model. The truncation lag for the Newey-West estimator is /— 1.

d  Incolumn (7), the marginal significance levels (p-values) for the null hypothesis of equal pre-
dictive accuracy of between the ARDL and the consensus forecasts are reported. The alterna-
tive hypothesis is one sided that the ARDL model forecasts are more accurate than the consen-
sus forecasts. We use the DiEBoLD and MaRIANO (1995) test statistics modified as suggested in
Harvey, LEyBoURNE and NEwBOLD (1997). The loss function is quadratic and the truncation
lag for the Newey-West estimator is #— 1. The critical values are obtained using the Student’s
¢ distribution with P—1 degrees of freedom, where P is the length of the forecast evaluation
period.

e Incolumns (8) and (9), the outcome of the forecast encompassing test of HARVEY, LEYBOURNE
and NEwBoLD (1998) is reported. In column (8), we report the marginal significance levels
(p-values) for the null hypotheses that the consensus forecasts encompass those of the ARDL
model. In column (9) — that the ARDL model forecasts encompass the consensus forecasts.
The truncation lag for the Newey-West estimator is 5— 1. The critical values are obtained using
the Student’s # distribution with P—1 degrees of freedom, where P is the length of the fore-
cast evaluation period.
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accurate forecasts occurs at /= 1; i.e., when the first estimate of GDP growth
rate in the previous quarter is incorporated in the information set.

The superiority of the ARDL forecasts over the AR forecasts is further illus-
trated in Figures 3 and 4 as well as in Figures 5 and 6 for each 7. Figures 3 and
4 present AR and ARDL forecasts as well as actual values of first-released GDP
growth rate. In Figures 5 and 6 the difference in absolute forecast errors of the
AR and ARDL models is displayed. Bars above the zero line indicate that for a
given quarter an ARDL-forecast is more accurate than a corresponding AR fore-
cast. Bars below the zero line indicate the opposite.

In order to assess whether the reported differences in forecast accuracy are
statistically significant we employ the test of CLaRK and WEsT (2007) that
allows us comparing forecasting performance of the nested models; i.e., the
AR and ARDL models (column (6) in the table). Since one can safely assume
that the ARDL model forecasts and the consensus forecasts do not come from
nested models, we test for equal predictive ability of this pair of forecasts using
the well-known test of DiEBOLD and MaRr1aNo (1995) modified as suggested
in HARVEY, LEYBOURNE and NEwBOLD (1997) (column (7)). We also conduct
the forecast encompassing test of HARVEY, LEYBOURNE and NEwBOLD (1998)
(columns (8) and (9)).

According to the results of the CLaARK and WEsT (2007) test we can reject the
null hypothesis of equal predictive ability of the ARDL and AR models at the 5%
significance level for all » both for the direct and iterated forecasts. When com-
paring the direct forecasts of the ARDL model with the consensus forecasts we
can only reject the null hypothesis for the current-quarter forecasts »=>5 at the
5% level according to the results of the modified Diebol-Mariono test. Accord-
ing to the results of the test of HARVEY, LEYBOURNE and NEwBOLD (1997) the
null that the consensus forecasts encompass the direct ARDL forecasts can be
rejected at the 5% significance level. The more interesting hypothesis whether the
ARDL model forecasts encompass the consensus forecasts. The null of encom-
passing in this direction can not be rejected at the usual significance levels.
Consequently, we conclude that encompassing holds in one direction only, with
the ARDL model forecasts encompassing the consensus forecasts. For the next-
quarter forecasts at »=2 the results of both the Diebold-Mariano and forecast
encompassing tests are inconclusive. This is not surprising as the corresponding
RMSFE ratio is 0.992. When comparing the iterated ARDL forecasts with the
consensus forecasts we can reject the null hypothesis of equal forecast accuracy
at the 10% in favor of the former model for 7=5 and »r=2. We also establish
that encompassing holds in one direction only, with the iterated ARDL forecasts
encompassing the consensus forecasts.
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Figure 3: Quarterly Year-On-Year Real GDP Growth Rate:
Actual (First Release) and AR Model Forecasts
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Figure 4: Quarterly Year-On-Year Real GDP Growth Rates:
Actual (First Release) and ARDL Model Forecasts
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Figure 5: Direct Forecasts: Difference in Absolute Forecast Errors

of AR and ARDL Models
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Notes: Each of the panels contains a plot of the difference between the absolute forecast errors
from the AR model (i.e., without the KOF Barometer) and the absolute forecast errors from the
ARDL model (i.e., with the KOF Barometer). Bars above the zero line indicate quarters for which
the AR model produced larger forecast errors than the ARDL model. Bars below the line indicate
the opposite. All forecasts are constructed using real-time data sets, and the forecast comparison
is based on first-released GDP data.
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Figure 6: Iterated Forecasts: Difference in Absolute Forecast Errors

of AR and ARDL Models
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Notes: Each of the panels contains a plot of the difference between the absolute forecast errors
from the AR model (i.e., without the KOF Barometer) and the absolute forecast errors from the
ARDL model (i.e., with the KOF Barometer). Bars above the zero line indicate quarters for which
the AR model produced larger forecast errors than the ARDL model. Bars below the line indicate
the opposite. All forecasts are constructed using real-time data sets, and the forecast comparison
is based on first-released GDP data.
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5. Conclusions

In this paper we investigate whether the KOF Economic Barometer is useful for
short-term forecasting of the quarterly year-on-year real GDP growth rate in Swit-
zerland. We employ both direct and iterative methods to produce forecasts. We
perform our analysis using real-time vintages of both time series. The forecast
sample is 2006Q3-2010Q2. For each forecast quarter we produce a sequence
of six forecasts taking into account the flow of conjunctural information in the
form of new releases of the KOF Barometer and GDP data. Our first forecast is
about seven months ahead of the first GDP release by SECO. Our sixth and last
forecast precedes an official GDP data release by about two months. We com-
pare the forecast accuracy of models with the leading indicator against univari-
ate autoregressive model forecasts as well as forecasts published by Consensus
Economics Inc.

Our main findings are the following. The model with the KOF Barometer
displays superior performance over the univariate autoregressive models both in-
sample and out-of-sample. For all estimation windows, we decisively reject the
null hypothesis that the KOF Barometer does not Granger cause the GDP growth
rate. In the out-of-sample forecast comparisons the model with the KOF Barom-
eter provides a substantial improvement in forecast accuracy over the benchmark
model. The largest improvement in forecast accuracy takes place at the first and
fourth forecast round for which we observe reductions in the measures of fore-
cast accuracy of about 40%. The largest improvement in forecast accuracy of
the model with the leading indicator is achieved at the fifth (and sixth) forecast
round for the direct forecasting approach.

Application of formal statistical tests for equal predictive ability suggests that
the reduction in the forecast accuracy measures is significant in case of the AR
and ARDL forecasts, both direct and iterative. We also establish that the ARDL
forecasts are more accurate than the consensus forecasts except when comparing
next-quarter consensus forecasts with direct forecasts. In this case the forecast
accuracy of both approaches is similar. The forecast encompassing holds in one
direction only, with the ARDL forecasts encompassing the consensus forecasts.
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Appendix

DiEBOLD and Mariano (1995) Test

DieBoLp and MariaNo (1995) suggest a test for comparing the out-of-sam-

ple predictive ability of two models. They consider two sequences of fore-

casts {)A/lt}tp:] and {j/b}tp:] of a time series {y}f;l. Assuming a quadratic loss

function, the loss at time ¢ is el.zt =0, -, ), for i=1,2. The loss differential

is d, = e —e;,. The null hypothesis of equal predictive ability is £(d,) = 0.
The Diebold-Mariano (DM) test statistic is

DM = d_ , (8)
JV(d)
where 4 isa sample mean of the time series {a’,}f:1 and
_ 1 h—1
Vd)= ;[7(0) +2)° 7(7’)]. )
7=l

~(7) stands for the 7-th autocovariance of 4,, and /4 denotes the forecast horizon.
The limiting distribution of the DM test statistic is a standard Gaussian in case
one compares forecasts from non-nested models.

Harvey, LEyBOURNE and NEwBOLD (1997) argue that in small samples the #dis-
tributed modified Diebold-Mariano (MDM) test statistic should be prefered:

MDM = DM . (10)

\/P+1—2h+@
P

HAarvey, LEYBOURNE and NEwBOLD (1998) Test

Harvey, LEYBOURNE and NEwWBOLD (1998) suggest a test for forecast encom-
passing. Forecast j,, encompasses 7, if the latter forecast adds no pre-
dictive power to the former forecast. We denote the composite forecast
by y,=0—=MN)J,+Ay,, for A>0. The associated forecast error of the com-
posite forecast is e, = y, — 7, which transforms to ¢,,= A (e,,—e,,) +¢,. The
null hypothesis of forecast encompassing corresponds to A=0, which can be
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tested in the regression of ¢;, on (¢, —¢,,). HARVEY, LEYBOURNE and NEWBOLD
(1998) suggest to cast the test for forecast encompassing in a framework similar
to that of the DM test. To this end, they define f/=e¢,,(¢,,—¢,,). Then the null
hypothesis of forecast encompassing is £( /) =0.

The forecast encompassing test statistic (HLN) is

N =—L a1
V()

where f is a sample mean of the time series { £}/, and

_ h-1
V()= %[w(m +2) wm]. (12)

(1) stands for the z-th autocovariance of f,, and 4 denotes the forecast hori-
zon. The limiting distribution of the HLN test statistic is a standard Gaussian
in case one compares forecasts from non-nested models. A similar small sample
correction of HARVEY, LEYBOURNE and NEwBOLD (1997) can also be applied
in this case.

CLARK and WEST (2007) Test

In case of nested models the limiting distribution of the DM test is non-Gaussian.
Nevertheless, CLARK and WEST (2007) suggest the following modification that
allows to test the null hypothesis of equal predictive ability using Gaussian critical
values also when comparing forecasts from nested models. Assume that { )A’lp};
is the sequence of forecasts from the parsimonious model. Then {j,,}/, repre-
sent the forecasts from the larger model that nests the smaller model. Assum-
ing a quadratic loss function, the loss at time 7 is ¢, =(y, — 7,)*, for i=1,2.
Recall that DieBoLp and MaRriano (1995) define the loss differential
by d, =e. —e;, . In contrast, CLARK and WEsT (2007) define the loss differen-
tial by dfdj =e. —e;, +(J, — 9,,)°. Asbefore, the null hypothesis of equal pre-
dictive ability is E(dfdj) =0.
The Clark-West (CW) test statistic is

Y
cw—_47 (13)

W@y
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where d“? is a sample mean of the time series {£“/}” | and

V(d*) = %[¢<0) +2)° ¢<T>]. (14)

T=1

¢(7) stands for the 7-th autocovariance of dt”‘#, and 4 denotes the forecast hori-
zon. CLARK and WEsT (2007) suggest to use one-sided alternative hypothesis that
the larger model produces more accurate forecasts than the smaller model.
Observe that the term (J,, — 7,,)° can be rewritten as (e, —e,,)*. Then the
adjusted loss differential is 4 = 2e,,(e,, —e,,), resembling £ in the forecast
encompassing test presented above. Hence the test of CLARK and WEsT (2007)
could be interpreted also as forecasting encompassing test.
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SUMMARY

We investigate whether the KOF Economic Barometer — a leading indicator
released by the KOF Swiss Economic Institute — is useful for short-term predic-
tion of quarterly year-on-year real GDP growth in Switzerland. Using a real-time
data set consisting of historical vintages of GDP data and the leading indicator
we find that the model augemented with the KOF Barometer produces more
accurate forecasts of the Swiss GDP than purely autoregressive models and con-
sensus forecasts.

Swiss Journal of Economics and Statistics, 2011, Vol. 147 (3)



