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DATING AND FORECASTING TURNING POINTS BY
BAYESIAN CLUSTERING WITH DYNAMIC STRUCTURE: A
SUGGESTION WITH AN APPLICATION TO AUSTRIAN DATA

SYLVIA KAUFMANN#*
Oesterreichische Nationalbank, Vienna, Austria, and University of Basel, Switzerland

SUMMARY

The information contained in a large panel dataset is used to date historical turning points and to forecast
future ones. We estimate groups of series with similar time series dynamics and link the groups with
a dynamic structure. The dynamic structure identifies a group of leading and a group of coincident series.
Robust results across data vintages are obtained when series-specific information is incorporated in the design
of the prior group probability distribution. The forecast evaluation confirms that the Markov switching panel
with dynamic structure performs well when compared to other specifications. Copyright © 2009 John Wiley
& Sons, Ltd.

1. INTRODUCTION

The model suggested in the present paper allows identification of business cycle turning points
by using the information contained in a large set of economic, real and financial variables.
The information about the cyclical stance is extracted by estimating groups of series, i.e., by
classifying those series together, that follow a similar time series process over time. Within each
group, we allow for group-specific parameter heterogeneity. This means that the parameters are
shrunk towards a group-specific mean rather than pooled, the procedure usually followed in panel
estimation. Two groups of series are additionally linked by a dynamic structure, whereby one
group leads the other one in the business cycle. If the dynamic structure between the groups is
not known a priori, i.e., if the leading and the coincident group of series are not known, then
the model can be generalized to estimate the appropriate dynamic structure of the groups in the
panel. Obviously, not all series can be classified into one of both the coincident and the leading
group of variables. Therefore, the remaining group, which collects all the series not following the
coincident or the leading group of series, moves independently from the other two groups.

The methodological approach pursued in the paper is based on the idea of model-based clustering
of multiple time series (Frithwirth-Schnatter and Kaufmann, 2008). An extension is introduced
here that links two groups in the panel by a dynamic structure. How to form the groups and
which groups are linked by the dynamic structure may be subject to estimation. The series are
transformed to non-trending series, and demeaned and standardized before the analysis. Therefore,
the estimation yields an inference on growth cycles. The growth cycle itself is modelled by a
process which identifies periods of above-average and below-average growth. These periods usually

* Correspondence to: Sylvia Kaufmann, Oesterreichische Nationalbank, Economic Studies Division, P.O. Box 61, A-1011
Vienna, Austria. E-mail: sylvia.kaufmann@oenb.at
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310 S. KAUFMANN

cannot be identified a priori with certainty; therefore we introduce group-specific unobservable state
indicators that follow a first-order Markov process. The investigation is related to Hamilton and
Owyang (2008), who estimate clusters of individual US states being in recession at the same time
and find a dynamic pattern of regional to national recessions and back to recoveries by restricting
the transition probabilities between clusters.

Research on the euro area business cycle has intensified during the last few years. The areas
that numerous papers deal with are dating business cycle turning points, assessing the current
stance of the business cycle, forecasting the cycle itself and the probability of turning points as
well. The issues also relate to defining an appropriate group of leading indicators, which permits
a timely assessment of the current business cycle state and an accurate forecast of turning points
(see Marcellino, 2006, for an overview). In the present paper, we also look for obtaining groups
of series that remain highly consistent over different data vintages. The results show that robust
classification over data vintages is achieved when the prior information on grouping is informative.
The reasons for the need of informative priors, not investigated further in the paper, may be due to
benchmark and normal data revisions occurring between vintages or to slowly changing features
in trending and dynamic behaviour of series.

The model of the present paper is related to Bengoechea and Pérez-Quiré6s (2004), who estimate
a bivariate Markov switching model for the euro area industrial production index and the industrial
confidence indicator. With the so-called filter probabilities of the state indicator, which reflect the
state probability in period ¢ given the information up to period ¢, they assess the current state of
the euro area business cycle and form a forecast on the probability of a turning point. While they
base the inference on a model for two aggregate variables, here the cyclical stance is extracted
from the information contained in a large cross-section of economic series. Moreover, while they
are modelling the state indicators of each series as switching either independently or jointly, here
the state indicator of the leading group switches before the state indicator of the coincident group.

A closely related paper to capture the dynamic structure of time series is Paap er al. (2007).
The series-specific state indicators of a bivariate Markov switching VAR model for US industrial
production and the Conference Board’s Composite Index of Leading Indicators (CLI) are linked
together by allowing asynchronous cycles with different lead times for peaks and troughs in the
CLI. The lead times are not restricted, allowing in principle different durations of business cycle
phases in both series, such that cycle phases of even different cycles may overlap. We capture
the different lead times for peaks and troughs directly in the transition probability matrix of an
encompassing state indicator. The transition between states of the encompassing state indicator is
restricted to ensure that the coincident group of series has first to switch into the actual state of
the leading group of series before the latter can switch back to the other state.

The definition of an encompassing state variable and the restriction on the transition probabilities
handily implies a feature that is usually required to date business cycle turning points. With
quarterly data, the minimum length of a business cycle phase cannot be less than two quarters.
Artis et al. (2004a) implemented this requirement by expanding a two-state Markov chain with
a recession and an expansion terminating state. Harding and Pagan (2006a) and Harding (2008)
use censoring rules to ensure minimum duration and phase alteration when applying the Bry and
Boschan approach of dating business cycles to quarterly data. They show that this introduces a
dependence on past states of a first-order Markov process, the econometric analysis of which is
non-trivial, however.

With the multilevel panel STAR model proposed in Fok et al. (2005) one can also capture
common nonlinear dynamics across individual series. Although the parameters driving the regime
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DATING AND FORECASTING TURNING POINTS BY BAYESIAN CLUSTERING 311

switches are series-specific, they are determined by time-invariant properties of the individual
series. Thus, the model is an alternative between estimating a STAR model for each individual
series and between a fully pooled model, in which the parameters governing the regime changes are
equal across series. The results for US industrial production sectors confirm that regime switches
occur in different periods at different frequencies. The results also suggest that some series follow
similar switching processes. In the present paper, we classify series into groups and estimate
group-specific state indicators, assuming the series to be in the same phase of the business cycle.

Another method of dimension reduction is factor analysis, as pursued in Forni et al. (2000)
and Stock and Watson (2002). Forni et al. (2001) suggest using dynamic principal components to
extract the coincident and the leading index of euro area economic activity. From a large cross-
section, they choose a set of core variables usually considered to be the most relevant to describe
the business cycle stance, and include additional variables that are most correlated with this core
and have only minor idiosyncratic dynamics. The common component extracted from these series
allows computation of a coincident indicator for the euro area as a whole and for each individual
country as well. The Austrian series they include in the core are GDP, investment, consumption
and industrial production. Austrian orders is the only series additionally taken into consideration in
the final estimation. Generally, all financial and monetary variables are not sufficiently correlated
to the core to be included in the final estimation, and neither are the price series or the share
prices. Not surprisingly, orders turn out to be strongly correlated to the common component of the
core series. Finally, the country-specific comparison of turning points with the euro area aggregate
reveals that Germany, and also Austria, are not leading the euro area coincident indicator.

These results are of interest as those reported in the present paper using recent data depart from
the previous evidence. Some financial variables like M1, interest rates and, interestingly, asset
prices like the Austrian ATX and the German DAX stock market indices fall into the leading
group of series. Orders, Austrian and German confidence indicators and also survey data fall into
the leading group of variables.

Another possibility to predict turning points is suggested in Canova and Ciccarelli (2004). Based
on the estimation of a Bayesian panel VAR for the G7 countries, forecasts in the growth rates
of GNP are used to predict turning points and the probability of turning points. In principle, one
could use the approach for a single country and form several VARs for related series in the panel,
such as business surveys, labour market series and trade series. Nevertheless, panel VARs appear
most attractive to capture cross-country or country-specific inter-industry interdependencies. Our
dataset does not include many foreign variables, nor are the included series very disaggregate.
Therefore, we use the ‘basic’ panel approach described in the following section.

Finally, a very specific approach is described in Bruno and Lupi (2004). Using early released
reliable indicators, specifically a business survey series on future production prospects and the
quantity of goods transported by railways, the authors specify a parsimonious forecasting model to
produce a forecast of actual industrial production which is then used in an unobserved components
model to assess the actual stance of the business cycle. In the present paper, however, we
want to exploit the information of many series, of which many are also timely released, to
form an expectation about turning points. Missing data on actual industrial production or other
national account series could be handled as missing values and replaced by an estimate given the
information we have on other timely released series.

The paper is organized as follows. Section 2 introduces the model and Section 3 outlines the
estimation procedure. The data and results are summarized in Section 4. Section 5 shows the
effectiveness of using informative prior group probabilities in obtaining robust results across data
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312 S. KAUFMANN

vintages. Section 6 evaluates the in-sample and out-of-sample one-step-ahead forecast performance
of the model and compares it to other related model specifications. Section 7 concludes.

2. THE ECONOMETRIC MODEL
2.1. The Group-Specific Time Series Model

In business cycle studies analysing large cross-section of time series with different trend and
volatility levels (Forni et al., 2000; Stock and Watson, 2002) it is usual to work with detrended,
demeaned and standardized series. Therefore, let y;, represent the mean-adjusted and standardized
growth rate or change of time seriesi,i = 1, ..., N inperiod#,t =1, ..., T in a panel of economic
variables. Each time series is assumed to follow an autoregressive process with switching intercept:

Yie = (i, + G Yiio1 + oo+ B Yiaop + Eir (1)

where ¢;; ~ i.i.d.N(0, 0%/A;). The unobservable state indicator ;; takes on the value 1 or 2 and
indicates the switches between periods of above- and below-average conditional growth rates:

i Ml:l ifl; =1
'U”"'_{u’2 ifIit=2 (2)

The superscript i is used to denote that each time series, in principle, can follow an independent
process. However, efficiency gains in estimation might be exploited by grouping the series that
follow a similar time series process (see, for example, Hoogstrate et al., 2000; Frithwirth-Schnatter
and Kaufmann, 2008). The difficulty is to form the appropriate groups of series. If we do not have
a priori certain information, we may estimate the appropriate grouping of the series. To this aim,
an additional latent indicator, a group indicator, S;, i = 1, ..., N, is defined which relates to group-
specific parameters. If we assume to have K distinct groups of series in the panel, S; takes one out
of K different values, S; =k, k =1, ..., K, and indicates into which group a specific time series
is classified.

There are various possibilities to specify the group-specific model. In each group, we may
pool the time series and restrict the parameters to be identical for all time series. To be less
restrictive, we may assume that in each group the series-specific parameters are shrunk towards a
group-specific mean, allowing for group-specific parameter heterogeneity:

i N gt ifSi=kand Iy =1 3
PLot ™ \ A (uk, g%) i S; = k and Ty = 2 )

@, 8,) ~ N@*, Q) if Si=kk=1,...K

Generally, the autoregressive parameters may also be modelled as state-dependent. Larger
autoregressive parameters during periods of below-average growth would reflect the fact that
business cycle downturns are steeper than business cycle upturns. This pattern, however, is
not found in the data used for the empirical investigation. Therefore, and also for expositional
convenience, in model (3) the autoregressive parameters are modelled only as group-specific.

So far, the model is unidentified with respect to the states. Given that the purpose is to estimate
business cycle turning points, we define state 1 as periods of below-average growth and state
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DATING AND FORECASTING TURNING POINTS BY BAYESIAN CLUSTERING 313

2 as periods of above-average growth by restricting the means of the group-specific intercept
terms. Thus, ¥ < 0 and u% > 0. The autoregressive process is assumed to lie in the stationarity

area, such that it also follows that u/ (1 - j.’=1¢’;.) <0 and 1/ (1 P, ¢';.) > 0. The

restrictions thus apply to each group of series ‘on average’.! Because the restrictions are not
enforced on each time series, an additional flexibility with respect to the classification of series
with, for instance, a constant phase shift is implied by the model. The series-specific effect for the
intercept term p — ,u’é may well turn out to be negative, reversing the interpretation of the states
for a specific series. To avoid such ‘identification reversal’, one could cluster only with respect to
the state indicator and estimate series-specific parameters, enforcing the identifying restriction for
each of them. To pursue this approach, one needs long enough time series in order not to lose too
much (estimation) efficiency when estimating a large number of series-specific Markov switching
processes.

For Austrian data used in the present paper, it turned out that identification reversal did not
occur for the group of leading series and occurred only for one series which happened to be
classified a priori into the coincident group. Nor did the estimated series-specific autoregressive
coefficients violate the stationarity restriction (see Section 4.2).

2.2. The Model for the State and the Group Indicators

Both latent indicators are discrete variables with different distributional assumptions. The model
for each group-specific state indicator I, takes into account that the duration of above-average
growth periods may differ from periods of below-average growth. We specify I to follow a
Markov switching process of order one, P(Iy; = |l —1 = J) = S'},, j, I = 1,2, with the restriction
Z,zzl E’j‘.l =1, j = 1, 2. Thus, for a single time series, the model comes close to the one estimated
in Hamilton (1989) for US GNP. The Markov switching specification is also appropriate to capture
business cycle turning points in real time. Recent evidence in Chauvet and Piger (2008) shows that
both the algorithm of Harding and Pagan (2006b) and a small-scale dynamic Markov switching
factor model are able to date NBER turning points of the US business cycle in real time.

For the group indicator we assume a multinomial logit model to include prior information on a
particular series into the estimation of the group probability:

exp(Vk +Ziyu)
K—1
1+ Zl=1 exp(y + Ziya)

P(S; =klV1, oo VK=1 Vals -+ s VoK—1) = 4)

where the last group K is the baseline group with yx = y,x = 0. The variable Z; may be a vector
of any series-specific features which are thought to determine the classification into a specific
group, and the parameters y. are unknown but group-specific values.

In the empirical application we will use correlation with GDP and with order books in
the industrial sector as variables determining the prior group probability when specifying an

1 The following remarks acknowledge the comments of an anonymous referee, who raised the concern that the lack of
robust classification across data vintages may be due to clustering with respect to the time series process rather than the
state indicator only. Clustering with respect to the state indicator only yielded consistent estimates of the state indicator
and the group of leading series across vintages. The classification of coincident series is not robust over vintages, however.
Further discussion on this is included in the Results section. I thank the anonymous referee for placing emphasis on the
concern.
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314 S. KAUFMANN

informative prior for the model. Z; may also be a set of dummy variables reflecting features
like the sectoral affiliations (industry or services) of series or the origin of data (production or
survey) and shaping the prior belief of classification. In estimating clusters of US states being in
recession at the same time, Hamilton and Owyang (2008) use state-specific characteristics like the
production share of the oil sector and some measures reflecting the employment share of the main
economic sectors to shape the prior classification probability.

If no unit-specific information is available, the (prior) group probabilities are constant across
series and are assumed to be equal to the relative size of the groups:

Ty )
1+ Zz=1 exp(y)

P(S; =kly1, ..., vk-1)

2.3. Modelling a Leading Group of Time Series

The last ingredient of the model is the dynamical structure between two groups of series. Assume
that the second group of series, i.e., that all series for which §; = 2, are leading the cycle of the
coincident series, which, let us again assume, are all series for which S; = 1. Then, we define
the encompassing state variable /7 which captures all J* = 4 possible constellations of both state
indicators 1 and 2 in period ¢ (see also Phillips, 1991):

F=1=(y=1I=1)

[;k =2 = Iy =1,1y =2)

I} =3=U=21y=1) (6)

I;k 4:=(11t=2,12t=2)

If the state indicator of group 2 is leading the state indicator of group 1,2 eight of the 16 elements
of the transition distribution of I} will in fact be restricted to zero:

b0
* 22 24 7
§ & 0 & O M
0 0 & &4

If state 1 identifies periods of below-average growth, 1/(1 — &3,) will be the expected lead of
group 2 out of a trough, and, correspondingly, 1/(1 — &3;) the expected lead in reaching a peak.
Asymmetric lead times of peaks and troughs in the leading group are thus captured by the transition
probabilities. Paap et al. (2007) model asymmetric lead times of peaks and troughs by the number
of periods the leading indicator leads the coincident series in reaching a peak or a trough. The
present parametrization additionally implies the requirement of a minimum duration of two periods,
half a year for quarterly data, for each business cycle phase. Artis et al. (2004a) suggest enforcing
this requirement by extending the two-state Markov process by a recession and an expansion

2 The leading behaviour of state 2 is modelled in a strict form, in the sense that a switch in the state indicator of group
2 will be followed by a switch in the state indicator of group 1 before the state indicator of group 2 may switch back to
the initial state.
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DATING AND FORECASTING TURNING POINTS BY BAYESIAN CLUSTERING 315

terminating state. Harding and Pagan (2006a) need additional censoring rules of the binary calculus
results obtained from the Bry and Boschan algorithm adjusted to quarterly data.

From (6) we can recover the group-specific indicators /;, and I,,. The group-specific transition
probabilities implied by (7) are 5111 = (1+4£&5,)/2 and Eéz = (1 4+ &35)/2 for Iy;, and ‘;‘fl =(1+

$)/2 and &2, = (1 + &},)/2 for I,.

The current specification assumes that all series of the leading group have the same lead. For
quarterly data this may be appropriate. When working with monthly data one may allow for
groups of series with different lead times by extending the number of groups of leading series
and introducing additional state variables. For instance, having two groups of leading series, the
encompassing state would then comprise six states. In each state, four transition probabilities
would be restricted to zero.> One may also consider the parametrization of Hamilton and Owyang
(2008), the clusters being defined by the series being in recession in period ¢. This corresponds to
clustering with respect to the state indicator only in the present parametrization.

2.4. Unknown Dynamic Structure

For expositional convenience we assumed so far that group 2 is leading group 1, while the
remaining K — 2 groups would behave independently over time. If there is uncertainty about which
two groups may be linked by a dynamic structure, we can generalize the model by introducing a
dynamic structure indicator p*, which characterizes the dynamic structure between the groups. The
indicator p* takes on one realization p; of the L = K(K — 1) possible permutations of {1, 2, 0x_»}.*
The element in p* that takes the value 1 refers to the group of coincident series, the element that
takes the value 2 refers to the leading group, and all other elements refer to the groups that behave
independently. If we have no a priori knowledge on the dynamic structure between groups, each
permutation is given a priori equal weight n, = 1/(K(K — 1)).

3. BAYESIAN ESTIMATION AND FORECASTS

The following notation is adopted to describe the Bayesian estimation method in a convenient
way. While y;, denotes observation ¢ for time series i, y/ gathers all observations of time series
i up to period t#, ¥\ = {yi, Yit-1,...,Yit}, i=1,...,N. The variables Y, and Y" denote the
observations in and up to period ¢ of all time series, respectively, ¥, = {yi;, ¥2.+, ..., yn:} and
Y'={Y, Y,_1,...,Y1}. Likewise, the vectors S¥ = (Sy,...,Sy) and IT = (IT, ..., IL), where
IT =i, Ier—1s - Iin), k=1,...,K, and AV = (A, ..., Ay) collect the group and the state
indicators and the series-specific weights, respectively. Finally, all model parameters are gathered
in 6. By using Markov chain Monte Carlo (MCMC) simulation methods we obtain a posterior

3 The same specification could capture a leading, a coincident and a lagging group of variables
4 The vector Ox_» denotes a vector of K — 2 zeros. X
SThat is: 0 = (ul, ud, ..., 1K, 1K, 01, .. 0%, 0, ..., 0K, 02, &, 67 0=0 y y.), where OF includes all within-group

heterogeneity:
¢ 0 0
oh=10 4 o
0 0 0}

p*(®)=0 — (£k} has as elements the transition probabilities of the independent group-specific state indicators, g =
(€}, §12, 51, §5)- The last two vectors include ¥ = (y1, ..., ¥k—1), ¥z = (Va1 -+ Vek-1)-
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316 S. KAUFMANN

inference on the augmented parameter vector ¥ = (6, SN IT, AN, p*), which additionally includes
the two latent indicators, the weights and, if also estimated, the dynamic structure variable p*.

3.1. MCMC estimation

The posterior distribution 7(y|¥7) is obtained by updating the prior distribution 7(y) with the
information given in the data by the likelihood L(Y 7 |y):

aWIYT) oc LY [Y)m(y) 3)
Conditional on SV and I7, the likelihood L(Y7|v) can be factorized as
T N
Ly iy = I T/ Oulyi™" iz, 6%, Q% iy 0?) ©)
r=p+1 i=1
where f(y;]-) denotes the density of the normal distribution:

FOuly™ ugs, 6%, 0%, di, 0%) =
2

1 s,
expq — g | Yiu— M}Q;,., = 5 Yiu (10
it j=1

The observation density in (10) is the density for the model marginalized with respect to the
random effects:

Vi = X3 B + ek, &l ~ N, v) (11)
Vi = X505 xS 4+ 02/,

where X;' = (D™, D™, yi 1, ..., yiu—p), with DI = 1 if I5,, = j and D> = 0 otherwise,
j =1, 2. The vector of coefficients is B5 = (,uf", ,u“;", ).

If the dynamic structure p* is known, the prior distribution 7 (y) is designed in a way which
assumes that the encompassing state indicator 7*7, the remaining K — 2 state indicators IT, the
group indicator SV and the weights A" are independent of each other and independent of the model
parameters 6:

) =207 o%, € [ #U1o*, E)m SV y, v, Z¥)m (N )m(6) (12)
p*(k)=0

with known densities for 7(I*T | p*, £*), n(IT|p*, £) and (SN |y, y;, Z"), respectively. The weights
are independent a priori and follow a Gamma distribution. To specify 7(6), the parameter vector 6 is
further broken down into parameter blocks, for all of which we assume standard prior distributions
(see Appendix A).

Copyright © 2009 John Wiley & Sons, Ltd. J. Appl. Econ. 25: 309-344 (2010)
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DATING AND FORECASTING TURNING POINTS BY BAYESIAN CLUSTERING 317

The sampling scheme to draw from the posterior w(y|Y7) follows Friihwirth-Schnatter and
Kaufmann (2008) and involves the following steps (see Appendix B for the derivation of the
posterior distributions):

@) mSNYT 1T, p*, AN, 6);
i) 7dT|YT, SN, p*, AN, 6);
@iii) 7N YT, 1T, SN, 6);
(iv) 7@|YT, SN, IT).

In step (i), the group indicator can be sampled individually for each time series. Given the dynamic
structure p*, we obtain a draw for the group-specific state indicators in step (ii) by multi-move
sampling, using in particular the encompassing specification /* for the state indicators of the
coincident and the leading group. In step (iii) the series-specific weights are sampled independently
from Gamma distributions. All posterior distributions in (iv) are conjugate to the priors, except
for the posterior distribution of y and y,, the parameters influencing the group probabilities. These
posterior distributions are not of closed form and, therefore, a Metropolis—Hastings step is used to
sample them (see Albert and Chib, 1993; Scott, 2006). In order to sample the covariance matrices
Q, step (iv) additionally involves sampling of the series-specific random effects g’ — g5 from a
normal distribution or using the filter form derived in Friihwirth-Schnatter (2006, p. 266). Note
however, that the extension to group heterogeneity in parameters depending on the group-specific
state indicator (the Markov switching mean intercept term) renders the predictor vector Xf, in the
marginal model (11) group-specific, which is not the case for the random effects model without a
latent state indicator. This has to be taken into account when deriving the moments of all posterior
distributions and for the filter form. Finally, given that the prior of the transition distributions &*
and £* is Dirichlet, the posterior simulation stems also from a Dirichlet (see also Sims et al., 2008).

We sample from the constrained posterior, which means that we restrict ,u'l‘ < 0and /1,’5 >0,k=
1,..., K while sampling the model parameters. In step (iv), we therefore only accept draws that
fulfil the latter state-identifying restriction. If a priori other parameters in the time series model
would be switching and we would not know with certainty with which one the states could uniquely
be identified, we could apply the random permutation sampler (Frithwirth-Schnatter, 2001).

3.2. Estimating the Dynamic Structure

If the dynamic structure between the groups is not known a priori, we can estimate p* from the
data. Step (ii) of the sampling scheme described above is extended to:

(ii.a) w(p*|YT, SV, AN, 6),
G1i.b) wdT|YT, SN, p*, AN, 6).

If each permutation p;,/ =1,...,L, out of the L = K(K — 1) possible ones from {1, 2, Ox_»}
is given equal prior probability n, = 1/(K(K — 1)), the posterior distribution of the dynamic
structure p* is discrete:

m(p* = p|Y7, SN, AN, 0) oc L(YTISV, AN, 6, p1) - 1 (13)

Copyright © 2009 John Wiley & Sons, Ltd. J. Appl. Econ. 25: 309-344 (2010)
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forl =1,...,K(K — 1). The marginal likelihood associated to the dynamic structure p; is derived
in detail in Appendix C.

The issue of label switching traditionally encountered in mixture models also arises when the
dynamic structure is unknown a priori. The likelihood L(YT|SY, AN, 6, p*) is invariant to any
permutation ¢ of the groups {1, ..., K}, associated with a dynamic structure p;:

LYTISN, AN, 6, p*) = LIYT|p(SN), AV, ¢(6_s2), d(p*)) (14)

where ¢(6_,2) means that all group-specific parameters are reordered according to permutation
@, except o2, which is the only parameter being group-independent. We obtain an estimate of the
unconstrained model by concluding each sweep of the sampler with a permutation step:

V) SN :=¢(S™), 0 := ¢(6_2),
"= ¢("), p* := $(p*).

Drawing randomly ¢ ensures that we visit all modes of the posterior distribution. To identify
a unique specification, the simulations from the unconstrained distribution are then reordered
according to a group-identifying restriction. Such restrictions can usually easily be found by means
of graphical tools. A detailed description of the approach can be found in Friihwirth-Schnatter and
Kaufmann (2006).

3.3. Forecasting

Given the model estimate, we may simulate recursively future paths of the encompassing state
indicator between T + 1 and T + H from the posterior predictive density w(I%.,,|Y") = (I} hIT )

for h =1, ..., H. We simulate the distribution recursively from
U 7 € (15)
which is equal to the jth column of &' if I3 yr=J at T+h—1. The superscript (m)

indicates the mth parameter draw of the MCMC output and / ’}(l';’) =1,

We obtain a probabilistic forecast P(I7.,,r = j) by averaging over the sampled values:

PIriyr =0 = Zl(,m”_“, =1,....H (16)

where I, is the indicator function. By relating the states of the encompassing state indicator
I7 7 to the group-specific state indicators Iy 74, according to (6), we can make a group-specific
probabilistic forecast of reaching a turning point within the next 4 periods ahead.

The simulated future paths for the encompassing state indicator can be used to obtain forecasts
of a specific time series in the panel from the joint predictive density w(¥i 741, ..., Yir+ul¥7),
with k = S in the following:

(m) _ k) k,(m) _ (m) k, (m) . (m) *(m)
Vi T4+hT = M’i"'} +O Yiryn—yr T+ ¢, yz T4h—piT T & T4nT (17)
Copyright © 2009 John Wiley & Sons, Ltd. J. Appl. Econ. 25: 309-344 (2010)
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If T4+ h— j <T we insert observed values yl T _,_h jir = Yi.T+h—j> and 8, T +th corresponds to a

draw from the error distribution N (0, Vz(n;)mr)

L _ vk kyk! 2m) ;4 (M) .
Viranr = XirinrQ Xironr +0°7 /2 with
k _ 107 (k) 16 (k) (m)
Xirnr = Dy rinrs Do i Yiroh—rs -+ )’z T+h o)

1) . . .
and Dﬁ T = Lif I 7 = j and 0 otherwise.

4. RESULTS USING PRIOR INFORMATION ON CLASSIFICATION
4.1. Data

The analysis is done with a large cross-section of Austrian quarterly time series covering the period
of the first quarter of 1988 through the fourth quarter of 2006. To assess the robustness of the
method, we will compare the results with those obtained with a dataset ending in 2003, as it was
available at the beginning of 2004 (see Section 5.1 below). The data include GDP, its components
and industrial production, economic confidence indicators and survey data for Austria, Germany
and the USA, the consumer price index, the harmonized index of consumer prices (HICP) as well
as its components, wholesale prices, wages and labor market series, trade series and exchange
rates; finally, monetary and credit aggregates, and financial variables also containing the ATX, the
DAX and the Dow Jones index. The complete set is found in Table D. I in appendix D. Before
the estimation, the data are transformed to nontrending series by taking first differences or first
differences of the logarithmic level multiplied by 100 (see also Table D. I in appendix D).% All
series are mean-adjusted to remove long-run trends and standardized to account for the different
volatility levels. Finally, those series that have a significant negative correlation with GDP or with
order books total in the industrial sector (KTAUF), a series that is commonly seen as leading the
cycle, are multiplied by —1 (see Figure 1). This transformation is unique in the sense that a series
had a significant negative correlation either with GDP or with order books total, or with both
series simultaneously.

Some basic data properties are displayed in Figure 1. For expositional convenience, only those
series are plotted for which the contemporaneous correlation with GDP or with order books in
the industrial sector is significant. In panel (a), we see that all series have distinct above-average
and below-average mean growth rates, which justifies the two-state specification (this is also the
case for the series not displayed). Panel (b) plots the mean against the standard deviation of each
series. The different volatility levels of the series justify the normalization and the specification
of series-specific error variances. The correlations in panel (c) give a first hint about the series
that might be coincident or leading the business cycle. Obviously, the components of GDP and
industrial production are correlated with GDP. Some confidence and economic sentiment indicators
correlated with order books; in particular, the German IFO indices (Information and Forschung,
Institute for Economic Research, University of Munich) some trade series and labour market
series are also significantly correlated with GDP. The correlation with GDP is negative for various

6 The survey and confidence indicators are also taken in differences or growth rates, given that they evolve as smoothly
as other series. Confidence indices may still be above average, but decreasing after a peak. The same reasoning applies
to survey data.
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unemployment rates. In many cases, however, the correlation is higher with order books in the
industrial sector. We do not find significant correlation with GDP for the price series except for
the wholesale price of intermediate goods. Among the financial variables, we find the 3-month
interest rate and the government bond yield that are positively correlated with GDP.

4.2. Model Specification

The model is estimated for three groups, K = 3, and the lag length is set to p = 2, after having
checked that higher-order autocorrelation is insignificant. We link group 1 and group 2 by the
dynamic structure described in Section 2.3, which means that we fix p* in a first round. We put
additional information onto the model by pre-classifying GDP and its components, except for
government consumption, into the first group. Some series, which are traditionally acknowledged
to lead the business cycle, namely production in recent months (KTPROL), the expectations
about orders (QTAUF), order books (KTAUF) and the confidence survey in the industrial sector
(EINDSE), are pre-classified into group 2. These series are thought to determine the processes of
the coincident and the leading group, respectively. For all other series, we will assume that the
prior group probability depends on the correlation with GDP and with order books in the industrial
sector. Given that in this setting GDP and order books are exogenously pre-classified into group
1 and 2, respectively, the posterior distribution of the group indicator for each series is discrete
and remains independent of all other series. Thus, the sampler discussed in Section 3.1 remains
unchanged (see also (24) in Appendix B).

It proved necessary to impose these three pieces of information on the model specification
to obtain robust results across the two data vintages for the Austrian economy, in particular for
simultaneously achieving a consistent composition of the coincident and the leading group of series.
In Section 5.2 we will show the results for the model estimation without a priori information on
the group structure, the group processes and the prior group probability. In Section 5.3 we will
additionally assess which of all three elements of the prior information are necessary to obtain
robust results across vintages.

To estimate the model, we iterate 13,000 times over the sampling steps (i)—(iv) described in
Section 3. The first 8000 iterations are discarded to remove dependence on starting conditions.

One characteristic feature of the model specification is its explicit modelling of series-specific
heterogeneity. To illustrate its importance, Figure 2 displays the marginal posterior distributions of
the error variance o2, and the marginal posterior of the sum of the group-specific autoregressive
coefficients. In panel (a), the dots plotted at the height of 100? show the mean of the series-
specific variance o?/A;. Despite the series having been standardized before estimating the model,
the dispersion of the error variance across series is significant. In panel (b), the dots, plotted at the
height of twice the respective group-specific mean, represent the series-specific means of the sum
of autoregressive parameters. Group heterogeneity is again significant. Nevertheless, although
the stationarity restriction has been imposed on the group-specific means of the autoregressive
parameters, the restriction also holds on average for each series. Figure 3 graphs the group-
specific and series-specific unconditional means in both states, respectively. The state identification,
enforced by the restriction ,u'l‘ <0, uX > 0, is not reversed for any series classified into the groups,
with one significant exception. This series happens to be real private consumption, which is
classified a priori into the coincident group. If we plot GDP and consumption, we observe that
the latter was slightly lagging the former over the observation period. Given that we do not

Copyright © 2009 John Wiley & Sons, Ltd. J. Appl. Econ. 25: 309-344 (2010)
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322 S. KAUFMANN

explicitly model a lagging group of series, the feature is captured by series-specific heterogeneity
and leads, in this case, to a state identification reversal. However, given that this arises only for
one series for which we do not estimate classification, the general interpretation of the results is
not affected.

The significance of the informative prior on classification probability is shown in Figure 4. For
the prior probability of classification into group 1 (solid line) the posterior distribution of the
effects of both GDP and order books correlation is clearly shifted away from zero, while for the
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Figure 2. Series-specific heterogeneity. Sum of autoregressive coefficients, group 1 (solid line), group 2
(dashed)
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Figure 3. Unconditional mean in state 1 (below average) and state 2 (above average). Group 1 (solid line),
group 2 (dashed)
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DATING AND FORECASTING TURNING POINTS BY BAYESIAN CLUSTERING 323

probability of classification into group 2 (dash-dotted) only the correlation with order books is
significant. Table I (a) contains the moment estimates of the posterior distributions.

Figure 5 visualizes the effect of GDP and order books correlation on the prior probability of
classification into group 1 (left panel) and 2 (right panel). The mesh represents P(S = j|Z, YT) =
JPS =jIZ,y, y)n(y, Y T)dydy,, the (posterior) prior probability conditional on correlations
with GDP and order books total. The prior probability of classification into group 1 is low but
nevertheless positive for series perfectly correlated with GDP and negatively correlated with order
books. The prior probability of classification increases as the negative correlation with order books
decreases, reaching the highest level at zero correlation with order books. Interestingly, the prior
probability decreases again when correlation with order books turns positive, but it does not fall
below 0.5. The prior probability of classification into group 2 is positive for series perfectly
correlated with order books. In contrast to before, it further monotonically increases as correlation
with GDP decreases.

The height of the lines in Figure 5 represents P(S; = j|Z;, YT), the posterior probability of series
i to pertain to group 1 or 2. We observe that, for most series, the probabilities of classification are
clearly updated towards 1 or O with the additional information contained in the data.

0.18 0.2
0.16
0141 0.15
0.12
01}
0.1
0.08
0.06
0.04 0.05
0.02
0 0
-5 0 5 10 15 0 20
corr with GDP corr with KTAUF

Figure 4. nt(y, y.|YT), group 1 (solid line), group 2 (dash-dotted)

Table 1. Posterior distribution of parameters influencing the group probabilities, 7(y, y,|Z¥, YT); , includes
first the effect of GDP correlation and second the effect of the correlation with orders in the industrial sector.

Mean estimate and standard deviation
(a) Data vintage 1998-2006

Coincident group Leading group
E(y, v2) (—2.66, 5.86, 7.56) (—1.95, 1.20, 11.59)
SD(y, v;) (0.74, 2.23, 2.10) 0.67, 1.92, 2.22)
(b) Data vintage 1988-2003

Coincident group Leading group
EW. v (—2.01, 7.47, 4.44) (—3.44, 1.68, 14.09)
SD(y, v;) (0.60, 2.12, 2.00) (0.92, 2.34, 2.69)
Copyright © 2009 John Wiley & Sons, Ltd. J. Appl. Econ. 25: 309-344 (2010)
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Figure 5. Prior and posterior group probabilities, P(S = j|Z, YT) and P(S; = j|Z;, Y7). This figure is
available in color online at www.interscience.wiley.com/journal/jae

Overall, the results obtained for the series-specific error variance, for the within-group hetero-
geneity of model parameters and the significance of the effect of GDP and order books correlation
for the prior probability of classification, convey the model’s ability to capture data specific
features.

4.3. The Classification of Series

Table 1I (a) lists the variables falling into the coincident and the leading group of series. Comparing
with Table D.I, we observe that with some exceptions variables of the same kind fall into the same
group. As already mentioned, GDP and its components are a priori classified into the coincident
group of variables. Besides some trade data, minimum wages and the index of wholesale prices
are classified into group 1.

The series which are traditionally seen as leading the business cycle fall into the group of leading
variables. The actual situation and the expectations in industrial production and the construction
sector fall into this group, confidence indicators and survey data of the industry and the construction
sector as well. As the Austrian economy heavily relies on exports, it does not surprise that also the
German IFO economic indicators are in the leading group of series. For this data vintage, some
HICP components, like processed food, energy and services prices, and some wholesale price
components, are also classified into group 2. The classification of some labor market data, like
vacancies and number of employees, into the leading group is intuitive, whereas for unemployment
it is less intuitive. However, the classification of price and labor market series turns out to vary
across data vintages. The explanation of this fact is left for future research. Finally, it is interesting
to note that the ATX, the DAX and other financial market data like M1, the 3-month money market
rate and direct credits to government are also classified as leading the business cycle.

4.4. Cycle Duration and Turning Points

Figure 6 depicts the posterior state probabilities P(I,f = 1|YT) of the coincident (S; = 1) and of
the leading group (S; = 2) of series. They are obtained by averaging over the M simulated values

Copyright © 2009 John Wiley & Sons, Ltd. J. Appl. Econ. 25: 309-344 (2010)
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Table II. Series classification, informative prior
(a) Data vintage 1988-2006

Coincident group Leading group

YER PCR ITR GCR MTR XTR TLIARG86 TLIANG86 QTAUF QTEXPA QTLAG QTPR QTPRO
GHPIOS EXPG EXP7 EXP8 IMPG IMP6 IMP7 QTBAUF QTBPR QTBBGL QTBAGL KTPROL
EXP-US EXP-EU EXP-DE IMP-US IMP-EU IMP-DE KTAUF KTAUSL KTLAG KTPRON KTVPN

BAUVPN EECOS EINDSE EBAUSE EHANSE
EKONSE IFOERW IFOKL IFOGL PMI HICP-PF
HICP-E HICP-S HICP-XF GHPIG GHPIGK
GHPIVBG GHPIINT OEL EXP6 ALQNSA
ALOSM ALOSW OFST STANDR INDPROD
ATX M1 DAX STI SEKMRE DCR-G

(b) Data vintage 1988-2003

Coincident group Leading group

YER PCR ITR MTR XTR TOT EEN HICP-E GHPIG QTAUF QTEXPA QTLAG QTPR QTPRO
GHPIOS GHPIVBG GHPIKONG EXP7 IMPG IMP6 QTBAUF QTBPR QTBBGL QTBAGL KTPROL
IMP7 EXPEU EXP-DE IMP-US IMP-EU IMP-DE KTAUF KTAUSL KTLAG KTPRON KTVPN
INDPROD SEKMRE BAUVPN EECOS EINDSE EBAUSE EHANSE

EKONSE IFOERW IFOKL IFOGL PMI GHPIGK
GHPIINTG OEL EXPG EXP6 EXP-US ALQNSA
ALOSM OFST STANDR ATX DAX

I™™ m=1,..., M. The inference is quite clear as nearly all posterior probabilities are either 1
or 0. For both groups, the switches into and out of state 1 clearly identify turning points in the
business cycle (see also Table III). For this sample period, we observe that the lead into periods
of below-average growth rates is nearly equal to the lead into recovery, except for the most recent
upturn in 2001/2002. This is reflected in the mean posterior estimate of the transition probability
matrix £*, obtained by averaging over the MCMC draws:

0.78 022 0 0
0 027 0 0.73

076 0 024 O
0 0 0.16 0.84

EEY") = (18)

The expected lead of the leading group into a downturn, E(1/(1 — &};)) = 1.35,7 is about 4 months,
while the lead out of a trough, E(1/(1 — &3,)) = 1.42, is about 4 1/2 months.

Based on Figure 6, which plots the posterior probabilities of being in the below-average growth
state, we may date turning points on the basis of the posterior state probabilities of the coincident
group of series (S; = 1). Period 7 will be identified as a peak if P(I;,_y = 1, I, = 1|YT) < 0.5 and
P(Iise1 = 1,112 = 11YT) > 0.5; likewise, period ¢ will be identified as a trough, if P(I;, | =
LI, =1YT) > 05 and P(Iy 41 = 1, 1102 = 1|1YT) < 0.5, where k refers to the group of the
coincident variables, in our case group 1.

The turning points identified with this rule are found in Table III, on the row labelled ‘PDS
88-06’. As no official dates are available for Austria, we compare the dates with those reported

7 Using the MCMC output, E(-) is estimated by 1/M 3, 1/(1 — £53™).
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Figure 6. Posterior probabilities, P(I;, = 1|Y7), of the coincident (S; = 1) and the leading group (S; = 2),
1988-2006, informative prior classification

Table III. Growth cycle peak (P) and trough (T) dates (YY : Q, M/YY) identified by various models and by
the Economic Cycle Research Institute (ECRI)

p T p T P T P T P T P T
PDS 88—-06 90:2 93:3  95:1 96:2 98:3 99:1 00:4 02:1

PDS 88-03  91:2 93:4 95:1 96:2 98:1 99:1 00:4 03:2

ECRIP

Quarterly 90:1 93:1 94:4  96:1 98:2 99:1 99:3 01:4 03:1 03:4 04:3
Monthly 2/90  3/93  11/94  3/96  5/98  2/99  7/99 12/01 1/03  12/03  8/04

ITL 90:3 93:4 95:1 96:2 98:2 99:1 01:1 03:2 05:1 05:3
PP 91:2 92:3 94:4 95:3 97:3 98:4 00:2 03:2 04:2

BDS 90:2 93:4 95:1 96:3 98:1 99:1 00:3 03:3 04:4 05:3
UNI 92:1 93:4 00:2 03:3

bThe ECRI dates growth cycles on a monthly basis. The quarterly dates are derived from the monthly ones
(www.businesscycle.com).

PDS, Markov switching panel with dynamic structure; ITL, PDS grouping according to the state indicator only; PP,
Markov switching panel estimation (with shrinkage) of coincident group; BDS, bivariate Markov switching model for
GDP and order books total with dynamic structure; UNI, univariate Markov switching model for GDP.

by the Economic Cycle Research Institute (ECRI, www.businesscycle.com) By the time of the
investigation, the last ECRI release of a turning point dated back to 2004. Therefore, we compare
the estimated chronologies up to that period.

Up to 2001, the two chronologies are similar, which can also be seen in the first two panels
of Figure 7. However, PDS 88-06 usually identifies turning points one or two quarters later than
ECRI. ECRI dates an additional cycle in 2003/2004, which is not identified by PDS 88-06 (nor by
PDS 88-03). In Table IV, first row, the concordance and standardized concordance index (Artis
et al., 2004b) of 0.66 and 2.21, respectively, between both state indicators are nevertheless quite
considerable. The overall net lag of eight quarters in identifying the four peaks is mainly due to
the later identification of the fourth peak in the last quarter of 2000.

We also compare the dates to those obtained with other model specifications. We estimate (i) a
Markov switching panel with dynamic structure grouping only with respect to the state indicator

Copyright © 2009 John Wiley & Sons, Ltd. J. Appl. Econ. 25: 309-344 (2010)
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Figure 7. Business cycle phases identified by various models. P(I;; = 1|¥YT) > 0.5 identifies periods of below-
average growth, 1988—2006. PDS, Markov switching panel with dynamic structure; ITL, PDS grouping
according to the state indicator only; PP, Markov switching panel estimation (with shrinkage) of coincident
group; BDS, bivariate Markov switching model for GDP and order books total with dynamic structure;
UNI, univariate Markov switching model for GDP. Turning points in Table III are identified using the dates
of ECRI and applying the rule: P(Iy,—y = 1,1, = 1|¥T) < 0.5 and P(I;,;41 = 1, L1 ;4o = 1]YT) > 0.5 for a
peak and vice versa for a trough

Table IV. Properties of turning points 1989 :3-2006:4. Concordance index, standardized concordance, and
comparison of various models relative to ECRI turning points and to turning points identified by the Markov
switching panel with dynamic structure (PDS)

Model Relative to ECRI Relative to PDS

Index  Stand. concordance Peaks Troughs  Index Stand. concordance ~ Peaks  Troughs

PDS 0.66 221 +8/48  +4/4 — — — —

ITL 0.62 1.47 +11/5  +2/4 0.85 3.76 +1/4  46/4
PP 0.66 1.85 +4/5 —7/4 0.52 0.21 —-3/4  -3/4
BDS 0.66 1.79 +6/5 +4/4 0.80 3.65 ~3/4  +8/4
UNI 0.48 0.15 +11/2 422 0.68 1.27 +5/2 412

2 Net lag (+) or lead (—) of all identified peaks or troughs relative to the ECRI or PDS cycle.

ITL, PDS grouping according to the state indicator only; PP, Markov switching panel estimation (with shrinkage) of
coincident group; BDS, bivariate Markov switching model for GDP and order books total with dynamic structure; UNI,
univariate Markov switching model for GDP.

(ITL), (i1) a Markov switching panel with shrinkage only for the series of the coincident group
(PP), (iii) a Markov switching bivariate model with a dynamic structure (BDS) for GDP and
order books total, and (iv) a Markov switching univariate model (UNI) for GDP. The business
cycle phases are depicted in Figure 7 in the last four panels. These other four models identify
chronologies which are consistent with those identified by the PDS model. In the panel models
with dynamic structure, PDS and ITL, business cycle phases with minimum length duration of
two periods are estimated without needing additional censoring. The apparent switch in 2003 in

Copyright © 2009 John Wiley & Sons, Ltd. J. Appl. Econ. 25: 309-344 (2010)
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the BDS setup is due to an estimated posterior probability marginally below 0.5. The Markov
switching estimates of models without dynamic structure, PP and UNI, need additional censoring
to ensure minimum phase durations. For PP a turning point has to be postponed to 1992 and
three other switches in 1996 and 1999 have to be discarded. The same applies to the univariate
specification, in which two switches, in 1996 and 1999, have to be discarded.

The periods of below-average growth identified by PP and BDS, with the exception of the
downturn in 1991/92 for PP, are longer than those identified 1 by PDS. In addition, PP and
BDS identify additional turning points in 2003/04. The univariate specification only identifies two
periods of below-average growth, which relate to the recession in 1992/93 and the latest slowdown
in 2000/01.

In the last three lines of Table IV we see that the concordance for the state indicators estimated
by the ITL, BDS and UNI models is higher with PDS than with ECRI. The highest standardized
concordance with PDS is reported for ITL and BDS. Relative to ECRI, all models identify the
peaks and troughs later, except for the troughs identified by PP. Worth mentioning is that, except
for PP, the dates of troughs are more consistent across the various model specifications than the
peaks.

4.5. Probabilistic Forecasts of Turning Points

At the end of 2006, according to PDS, both groups are in the above-average growth state with
estimated probability 1. A probabilistic forecast (see also Section 3.3)

(¥ = / Ty VT, I €70, £ YY" (19)

would yield a 71% probability of staying in the above-average growth state over the next half
year and a 14% probability of reaching a below-average growth state in both groups within the
same time span.

Another formulation would be that the expected duration of the above-average growth state
at the end of 2006 is E(1/(1 — &},)) = 7.37 periods, i.e., about 22 months. If the leading group
of series were to switch into the below-average growth state, which can happen with a 16%
probability within the next quarter, we expect the coincident group of series to follow after further
E(1/(1 — &33)) = 1.35 periods, hence after further 4—5 months.

5. EFFECTIVENESS OF INFORMATIVE PRIOR CLASSIFICATION

In this section we assess the effectiveness of informative prior classification by comparing the
results to those obtained with a data vintage ending in 2003 in two ways. We first show that
turning points are consistently estimated across data vintages when we impose the three pieces of
information on the model, namely the fixed dynamic structure po* = (1, 2, 0); the fixed classification
of GDP and its main components into the coincident group of series, and the fixed classification
of expectations about orders, recent production, order books and the confidence survey in the
industrial sector into the group of leading series; informative prior group probability depending
on the correlation with GDP and with orders in the industrial sector.
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Figure 8. Posterior probabilities, P(I;; = 1|YT), of the coincident (S; = 1) and the leading group (S; = 2),
1988-2003, informative prior classification

In a second step we remove all prior information and estimate the model for both data vintages.
We show that the results obtained for the turning point chronologies, the dynamic structure and
the classification of series are not consistent across the vintages without prior information.

Finally, we assess which element forming the informative prior is relevant to obtain consistent
estimates across data vintages by comparing results for estimations with different levels of prior
information and for the model clustering with respect to the state indicator only.

5.1. Estimation for Data Vintage Ending in 2003

The results obtained with the data vintage ending in 2003 (vintage 2003 henceforth) are broadly
consistent with those obtained with the data vintage ending in 2006 (vintage 2006 henceforth).
Table II (b) shows that there are fewer series falling into the leading group. In particular, all HICP
components, most of the wholesale price series and the financial variables, with the exception of the
ATX and the DAX, are not classified into the leading group. Most trade data remain consistently
in the coincident group across vintages, while the classification of price and labor market series
changes across vintages.

Table I, (b) contains the estimates of the parameters for the prior group probability. The effect of
the correlation with GDP is significant for the prior probability for classification into the coincident
group, while it is insignificant for the prior classification probability into the leading group. The
effect of the correlation with order books in the industrial sector is marginally significant and
significant for the prior classification into the coincident and the leading group, respectively.

We essentially obtained the same results for the vintage 2006, although the effect of the
correlation with order books in the industrial sector on the prior classification probability into
the coincident group becomes significant, but remains smaller than the estimated effect on the
prior classification probability into the leading group.

The posterior state probabilities of being in below-average growth are depicted in Figure 8. We
see that the downturn period at the beginning of the 1990s is estimated to begin a year later than
estimated from the vintage 2006. Otherwise, when we compare the turning point estimates across
the vintages (see Table III, rows labelled PDS 88-06 and PDS 88-03) the chronologies are quite
consistent.
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5.2. Estimation without Prior Information

To illustrate the usefulness of a specification with informative prior classification, we estimate
the model without any prior information on classification. These results confirm that for Austrian
data prior information is necessary to obtain robust results across data vintages. Removing prior
classification information means that no series are classified a priori into one of the groups, the
dynamical structure is not fixed a priori but also estimated from the data, and finally, that we use
the non-informative prior distribution on group probabilities (see specification (5)).

Table V briefly characterizes the classification and dynamical structure that is estimated from the
data. We see that the classification of GDP and its components across data vintages is not robust.
For the data vintage 2006, GDP and the components are classified into the leading group of series,
while the leading indicators fall into the group interpreted as coincident. For the data vintage 2003,
GDP, consumption and exports fall together with the leading indicators into the coincident group.
Government consumption together with some price series and financial variables are classified as
the leading group. It is obvious that these estimated dynamic structures cannot be interpreted in a
business cycle context and that turning points will not be robust across data vintages. The changing
pattern of the estimated dynamic structure also reflects the fact that the frequency of turning points
is quite high for the relatively short sample period. Moreover, given that the coincident group
usually closely follows the leading group of series (see Table III), it is difficult to estimate a
robust dynamic structure across data vintages without setting prior classification information.

5.3. Robustness across Vintages with Different Levels of Prior Information

Table VI complements the differences reported so far between the estimations obtained with
different levels of prior information on classification. We also assess the robustness across vintages
for the model clustering with respect to the state indicator only. In the first two rows we find the
setting with informative priors and non-informative priors in which p* is additionally estimated,
respectively. We report three concordance indices: the concordance across the vintages of the
estimates for the state indicator of the coincident group of series, and the concordance of series
classification into the coincident and the leading group of series. While the estimates of the state

Table V. Series classification, non-informative prior
(a) Data vintage 1988-2006

E(p*(1)) =193
STD(p*(1)) = 0.33
Leading group

GDP and components

Trade with USA and Germany

E(p*(2)) =0.93
STD(p*(2)) = 0.36
Coincident group
Leading series
Financial variables

E(p*(3)) =0.14
STD(p*(3)) = 0.37
Independent group
Other series

(b) Data vintage 1988—2003

E(p*(1)) =149
STD(p*(1)) = 0.50
Coincident group

Government consumption

Price series
Financial variables

E(p*(2)) =0.32
STD(p*(2)) = 0.63
Independent group
GDP and components
Trade series

E(p*(3)) =1.18
STD(p*(3)) = 0.79
Leading group
Leading indicators
Exports

Stock prices
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Table VI. Evaluation of prior information

Prior information setting Concordance index between vintages

Identification of

State indicator Coincident group Leading group

p* fixed, logit prior, full pre-classification® 0.80 0.85 0.86
p* estimated, no pre-classification 0.86 0.30 0.49
p* fixed, full pre-classification 0.81 0.48 0.55
p* fixed, no pre-classification 0.63 0.27 0.89
p* fixed, full pre-classification, grouping state indicator only 0.95 0.58 0.83
p* fixed, logit prior, partial pre-classification” 0.68 0.57 0.35
p* fixed, partial pre-classification 0.71 0.45 0.70

2GDP and its components, except government consumption, are in the coincident group, production in recent months,
expectations about orders, order books and the confidence survey in the industrial sector are in the leading group.
> GDP is in the coincident group, order books in the industrial sector are in the leading group.

indicator do not differ that much, the low concordance indices of group classification reflect the
results presented so far for the non-informative prior specification.

The next two rows report the results obtained for different levels of a priori information. First,
the logit prior on classification is substituted for the non-informative prior (5) and then pre-
classification of GDP and its components and of some leading indicators into, respectively, the
coincident and leading group is dropped. Pre-classification of series is important to obtain consistent
estimates of the state indicators across vintages, given that the concordance decreases from 0.81 to
0.63 when pre-classification is dropped. The informative logit prior turns out to be important for
consistent estimation of the classification of series across vintages. Dropping the logit prior leads
to a deterioration of the concordance index from 0.85 and 0.86 to 0.48 and 0.55 for the coincident
and the leading group, respectively. Finally, note that the concordance for the classification of the
leading group is higher under each prior information level than that for the classification of the
coincident group.

The next row reports the concordance indices for the model clustering with respect to the
state indicator only. They confirm the observations made so far. Interestingly, the concordance
for the state indicator is higher than in the model using an informative prior. Nevertheless, full
pre-classification is important to obtain high concordance of the state indicator and of the leading
group across data vintages.® Note that the classification of coincident series is less robust in this
setup. The concordance index across data vintages is 0.58.

The last two rows report the results obtained when only GDP and order books in the industrial
sector are pre-classified into groups 1 and 2 (partial pre-classification). The conclusions drawn so
far are again corroborated. Pre-classification of series is important to obtain consistent estimates
of the state indicators across vintages. We observe that the concordance decreases from 0.8 with
full pre-classification to around 0.7 with partial pre-classification. The logit specification for the
prior classification probability is important for the grouping of the series, in particular for the
consistent classification of the coincident group. As in the setting with full pre-classification, the
concordance for the coincident group decreases when the logit prior is dropped.

8 The concordance indices obtained for the model with partial pre-classification are 0.78, 0.57 and 0.40, respectively.
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6. FORECASTING TURNING POINTS

We evaluate the ability of the model to forecast turning points from an insample and an out-of-
sample perspective. Given that the usefulness of a model lies in its timeliness to recognize at the
end of the sample a turning point, we focus on one-step-ahead forecasts of the state indicator by
using equation (15). The forecast period in both the in-sample and out-of-sample exercises runs
from 2001 to the end of 2006. We produce forecasts based on all models estimated in Section 4.4
to date turning points, i.e., for the Markov switching PDS, ITL, PP, BDS and UNI models. The
state indicator forecasts are evaluated against the own model-based state indicator and against the
state indicators identified according to ECRI dates and according to PDS by assessing how many
states out of the 24 forecasts and how many turning points are correctly predicted.

6.1. In Sample Evaluation

For the in-sample evaluation, we estimate the parameters and the model-based state indicators
using all information available up to the end of 2006. Then, for each quarter ¢ from the first
quarter of 2001 to the fourth quarter of 2006, we simulate the one-step-ahead state indicator out
of the forecast distribution based on all sample information ¥7:

mIy 1Y) = /ﬂ(lfllf_l, Em Iy, &Y T)dI;_ dg* (20)

Table VII presents the forecast evaluation. Overall, the in-sample performance is best for PDS
and UNI, for which the states are correctly forecast in 24 and 23 out of 24 periods respectively.
BDS and PP follow with 22 and 20 out of 24 forecast states respectively. ITL ranks last, with 19
out of 24 forecast states. This is mainly due to the last but one trough, which, based on the whole
sample, is estimated for the second quarter of 2003, but forecast with a lead of five periods, in
particular in the first quarter of 2002. Thus, ITL identifies three out of four turning points correctly.
PDS correctly identifies two out of two turning points over the forecast period. PP and BDS have
a similar performance: both identify two out of two and three turning points respectively. BDS
even identifies the trough in the third quarter of 2005 a quarter earlier.

Table VII. In-sample one-step-ahead forecasts, 2001 : 1-2006 : 4. Model-based evaluation and relative to the
state indicators identified by ECRI and by the Markov switching panel with dynamic structure (PDS)

Model Model-based estimate Relative to ECRI Relative to PDS
Overall Turning points Overall Turning points Overall Turning points
PDS 24/24 2/2 11/24 0/4 — —
ITL 19/24 3/4 12/24 0/4 21/24 1/1
PP 20/24 2/2 17/24 0/4 10/24 0/1
BDS 22/24 2/3 9/24 0/4 20/24 0/1
Identified T in 05:02
UNI 23/24 0/1 10/24 0/4 17/24 0/1

ITL, PDS grouping according to the state indicator only; PP, Markov switching panel estimation (with shrinkage) of
coincident group; BDS, bivariate Markov switching model for GDP and order books total with dynamic structure; UNI,
univariate Markov switching model for GDP.
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Table VIII. Out-of-sample one-step-ahead forecasts, 2001 : 1-2006: 4. Model-based evaluation and relative
to the state indicators identified by ECRI and by the Markov switching panel with dynamic structure (PDS)

Model Model-based estimate Relative to ECRI Relative to PDS
Overall Turning points Overall Turning points Overall Turning points
PDS 20/24 1/2 9/24 0/4 e —
Identified P in 01:1
ITL 19/24 3/4 12/24 0/4 21724 1/1
PP 19/24 1/2 16/24 0/2 1124 0/1
BDS 20724 2/3 13/24 1/4 18/24 0/1
Missed T in 03:3 Identified T in 03:4
UNI 19724 0/1 10/24 0/4 13/24 0/1

ITL, PDS grouping according to the state indicator only; PP, Markov switching panel estimation (with shrinkage) of
coincident group; BDS, bivariate Markov switching model for GDP and order books total with dynamic structure; UNI,
univariate Markov switching model for GDP.

When compared against ECRI identified states, we observe that all models have a low overall
performance. In only half or even less of the quarters, the forecasts coincide with ECRI states, the
exception being PP, with 17 out of 24 states coinciding with ECRI states. Likewise, all models miss
all turning points identified by ECRI. Of course, this is due to the low concordance between the
model-based estimated state indicators and the ECRI states. This is nevertheless worth mentioning,
given that the concordance between the PDS and the ECRI state indicators is 0.66. Against the
state identified by PDS, the performance is best for ITL and BDS, with 21 and 20 out of 24
quarters being correctly forecast, respectively. The overall forecast is still considerable for UNI
with 17 correctly identified states, while PP forecast states only coincide in 10 out of 24 periods.
Neither model can forecast turning points identified by PDS.

6.2. Out-of-Sample Evaluation

The out-of-sample forecast evaluation is based on rolling estimations, respectively extending the
sample window up to the last quarter before the one to be forecast. We thus simulate the one-
step-ahead state indicator I out of the forecast distribution using information up to date ¢ — I:

ALYl = /Tt(lfll}"_l,S*)N(If_l,S*IY’_I)dI}k_ldS* 2D

The evaluation is then performed against the model-based state indicator estimated for the whole
sample and against ECRI and PDS states, respectively.

The evaluation in Table VIII conveys the same picture as for the in-sample forecast evaluation.
The overall performance is best for PDS and BDS. PDS forecasts one out of the two estimated
turning points correctly. The peak at the end of 2000 is missed by one quarter. BDS forecasts
two out of three turning points correctly. The performance against ECRI is low, both in terms of
overall performance and forecasting turning points. The overall out-of-sample performance against
the PDS state indicator is best for ITL, which forecasts 21 out of 24 states correctly. ITL also
correctly forecasts the trough identified by PDS in 2002. None of the remaining three models, PP,
BDS and UNI, forecasts this trough correctly. This is due to the fact that all three models identify
the downturn to last until 2003 rather than being short-lived as estimated by PDS.
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It is obvious that the number of turning points identified by PDS available for evaluating
the models’ forecasting performance is very small. However, these are restricted by degrees-of-
freedom considerations. The forecast performance may be reassessed in the future as time series
become longer.

7. CONCLUSION

In the present paper the information contained in a large panel of quarterly economic and financial
variables is used to estimate business cycle turning points for Austria. The econometric model
is based on the idea of model-based clustering of multiple time series, which suggests grouping
those series together which display similar time series and business cycle dynamics, whereby the
appropriate classification of series is also part of the estimation method. Within a group, we allow
for parameter heterogeneity by shrinking the series-specific parameters towards a group-specific
mean rather than pooling all series within a group and assuming the same parameters for all of
them. To account for the fact that some series are leading the business cycle, two groups are
explicitly linked by a dynamic structure, by defining one of them as leading the other one. To
obtain robust results across data vintages not only with respect to the state indicator but also with
respect to the classification of series, it is useful to design an informative prior for the group
probability. In particular, GDP and its components except government consumption are classified
a priori into the group of coincident series, while production in recent months, the expectations
about orders and order books are pre-classified into the group of leading series. Series that are
negatively correlated with either GDP or with order books in the industrial sector are multiplied
by —1. Finally, for all series not pre-classified into a group, the prior group probability depends
on the correlation with GDP and with order books in the industrial sector.

The results are broadly consistent with expectations. GDP and its components, some trade series,
the wholesale price index (excluding seasonal goods) and agreed minimum wages fall into the
coincident group. The group of leading series consists of Austrian confidence indicators and survey
data in the industrial and the construction sectors, labor market data like unemployment rates, job
vacancies and the number of employees, and some components of the HICP and the wholesale
price index. Given that Germany is a major trading partner of Austria, it is intuitive that German
survey indicators (IFO business cycle indicators) also fall into the leading group. Finally, it is
interesting that some financial market series like M1, the Austrian and the German stock market
indices, interest rates and direct credits to government fall into the leading group.

Based on the posterior state probabilities we date growth cycle turning points which closely
correspond to those identified by the Economic Cycle Research Institute. Based on the posterior
estimate of the transition probabilities and of the state indicator we can make a probabilistic
forecast of reaching a turning point in the future. The ability of the model to predict turning
points is evaluated in an in-sample and an out-of-sample forecast exercise. Out-of-sample, the
model is able to predict one out of two turning points, whereby one is missed by one quarter.
The performance is compared to other models. A Markov switching panel model with dynamic
structure, clustering only with respect to the state indicator, identifies three out of four turning
points correctly. The Markov switching bivariate model with dynamic structure for GDP and order
books in the industrial sector and the Markov switching panel for the group of coincident series
predicts two out of three and one out of two turning points, respectively. The univariate Markov
switching model for GDP does not correctly predict out-of-sample turning points.
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One feature not addressed in the paper and left for future research is to capture the changing
pattern of the business cycle. The results suggest that recently the periods of below-average
growth have become shorter. This may be modelled in various ways. One possibility would be to
allow for time-varying transition probabilities (Diebold et al., 1994; Filardo and Gordon, 1998).
Another issue left for future research is the evaluation of the appropriate sample length to produce
the forecasts of turning points (Pesaran and Timmermann, 2007). Model estimates of different
sample length can additionally take into account the changing composition of the groups of series.
Averaging over forecasts produced with these models would take into account changing business
cycle features and group composition uncertainty.

APPENDIX A: THE PRIOR DISTRIBUTION OF (AV, 6, p*)

To specify the prior on 8 in a compact way, write model (1) as

yie = X5 B + i, & ~ N, 5%/A;) (22)
B~ NP5 O, if Si=kk=1,....K

: P 7 ; H S,' ' S,‘ ] S,‘ : I Si :
where B = (ui, b, ¢, ..., ¢5) and Xji = (DI, DI, yiuc1, ..., yigop) with DS =1 if
Is,, = j and Di-ﬁs’) = 0 otherwise, j =1, 2.

The prior distribution of the group-specific parameter vectors g, k = 1, ..., K consists of two
parts:

o (uk, uby ~ N(mo, My) - I k<0, ut>0)» Where Iy is the indicator function;
o (Bk, ..., ¢’; )~NQO,«lp)-1 (Zle ¢,;<1), where I, is the identity matrix of dimension p

which leads to the prior

ko mo My O
v () [0 0, ]) tsorsen

In general, g ~ TN(by, By), TN meaning truncated normal.
Group-specific parameter heterogeneity Q% a priori follows an inverse Wishart distribution:

0" ~ W l(co, Co)

The variance of the error terms and the series-specific weights, o and A;, a priori follow an
inverse Gamma and a Gamma distribution respectively:

Vv v

0% ~ IG(gy, Go) Ai~G (5, 3

),i=1,...,N

The parameters governing the prior group probabilities, y = (y, y;), are assumed to have a
normal prior N(0, ©/g), where g is the dimension of the vector y.
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The transition distribution £* of the encompassing state indicator is specified by independent
Dirichlet distributions:

* * * * * * % * *
" ~ D(e7, g, €12,0)D (€350, €24,0)D (€3, o, €33 9)D (€43 9, €34.)

The transition distribution of the independent groups is also Dirichlet, & ®=0~ I15_,
D(ej'lY(), ejzy()), k= 1, ey K.

The hyperparameters we choose are: my = (—0.25,0.25) and Mo = 2.22 - I,;k = 0.25;¢0 =
12 and Co=0.11,42;80=1,Go=1 and v =8;7 = 20; (€]} o, €]2.0) = (5, 2), (€35,0> €24.0) =
3.7), €10 ¢53.0) = (7. 3), (€30 €hap) = G, 1. er1.0. €12.0) = (2, 1), (e1,0, e2n,0) = (1, 2). The
hyperparameters governing the prior transition distribution of the encompassing state yield a mean
persistence of the coincident group to remain in the below-average and in the above-average state
of 0.59 and 0.65, respectively. The lead out of a trough and into the below-average growth state
of the leading group is 1.4 periods, i.e., about 4 1/2 months.

If p* is estimated, the prior distribution is discrete, and each permutation p;,/ =1,...,L,
out of the L = K(K — 1) possible ones from {1, 2, 0x_,} is given a prior probability of 5, =
1/(K(K — 1)).

APPENDIX B: POSTERIOR DISTRIBUTIONS

In the following, we assume that the dynamic structure p* is known. In case p* is not known, the
sampler involves an additional step. This extension is described in Appendix C.

Some posterior distributions will be derived using the marginal model in which the series-specific
random effects are integrated out (see also equation (11)):

i = Xy B ek, &l ~ N, ) (23)
W= X505 x5 4 6% /a;

where Xf," is defined as in (22). The difference to the model with group-specific parameter
heterogeneity discussed in Frithwirth-Schnatter (2006, pp. 260—269) appears in the predictor
matrix Xf,", which is group-specific due to the group-specific state indicator determining the time-
varying intercept term '“gs,.,t'

We estimate model (22) by sampling from the following posterior distributions:

@) wSMYT T, p*, AN, 6);
i) 7T |YT, SN, p*, AN, 6);
(iii) wAN YT, SN 1T, 9);
1v) m@|YT, SN, IT, AN).

(i) Simulating SN out of w(SN|YT, IT, p*, AN, 6) using the marginal model (23). The group indicator
is simulated for each series independently, given that the posterior distribution can be factorized:

N
aSMYT AT, o, AN, 0) o [T sy 7, o, AN, )
i=1
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For each series, S; is sampled from the discrete distribution

T
P(Si =kl o< [ fOulXh, B 08 0% M)P(Si = klve, va) (24)
t=p+1

where the observation density f(y;|-) is given in (10).
(ii) Simulating IT out of w(IT|YT, SN, p*, AN, 6). For a given dynamic structure p*, the posterior
distribution of I”7 can be factorized as

ad" YT SN N, ot 0) = n(@*T|YT SV AN, %, 0) T m@f1y”, sV, AN, 0)
p*(k)=0

k=1,...,K, and where I"'T and I ,{ are the four-state encompassing and the two-state independent
state indicators, respectively. The terms can typically be factorized as

adT1YT, SV AN, %, 0) = m(r|YT, SN AN, p*, 0)x
T-1

[I 7y, 141, SY, 27, 0%, 6)
=0

The encompassing state indicator 7*7 and each of the K —2 remaining independent state
indicators I7 can thus be simulated independently of each other. For all indicators, the sampling
densities can be derived from the multi-move sampler described in Chib (1996). Note that the
typical element (I, |Y’, I,41, SN, p*, 6), is proportional to

T[(Itlyt7 It+1’ SN7 )\'N, p*$ 9) (0.8 JT(ItlY[a SN, A'Nﬁ ,0*’ 9) N SI,JH_] (25)
The first factor w(I,|Y’, SN, AN, p*, ) corresponds to the filter density

ALY, YN, 0%, 0) oc [ £OulXS B, his 0%, 0%, 05, ) - s, 1) (26)
Si= -

where the product is build over S; = k if p*(k) = 0, or jointly for the coincident and the leading
group of series, S; = {k, k}, which are indicated by p*(k) =1, and p*(k) = 2, respectively,

k=1,...,K. Conditional on state j, the observation density f(y|-, Is, = j) is normal:
. 1 1 Sy o\ 2
F il Is,e = j) = —==—=—=—==¢xp {_TJ) (}’it —Xi;(J)/sS'> }
/zﬂv;s;i(J) 2v;,
where X,»S,"(j) = (D’IES"’,DQS”, Viji—1s -+ -5 Yi,t—p)» With Dﬁs‘) =1 if Is,, =j and O otherwise,

j=1,2. In analogy to (23), 15V = x5V gsix50 4 525,
The term (I, ;1) is obtained by extrapolation:

ws,p-1) = 3w |V SV AN 0% 0) -8, @7)
Ir—l
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338 S. KAUFMANN

Given the filter densities 7(I,|Y", SN, AN, p*,6),t =1,..., T, beginning in T, we sample
I from 7(I7|YT, SN, AN, p*, 6). Then, the recursion in (25) is used to simulate I, for ¢ =
T-1,...,0
(iii) The weights AN are simulated from w(AN|YT, SN, IT, 6) using the model (22). Details can be
found in Frithwirth-Schnatter and Kaufmann (2008).

(iv) Given SV and I7, the vector 6 is blocked appropriately to simulate the model parameters out
of their posterior conditional distributions.

Simulating the group-specific parameter vectors from w(B', ..., BX|YT, SN IT AN, Q, 62). We
use the marginal model (23) and write

Yie = XiuB + €5, €, ~ N(O, i)

with B =vec(B,..., %) and, this time, X;, = (D°VX!, ..., DF®XK) where D’® =1 if
S; =k and O otherwise. X¥ and viS," are defined as in (23). The posterior distribution can be
derived as

”(ﬂl‘) ~ N(b7 B) . I(M’{SO,H”E>O,Z;’=I ¢I;-<1,Vk)

with
-1
B= (Z > XiXu/vi) + Bg‘)
it
b=B (Z ZXit/yit/v;'s;i + Balb0>
it

and appropriately inflated vector and matrix by and By, respectively.
Simulating group-specific parameter heterogeneity Q. To derive the posterior distribution we
first have to simulate the series-specific random effects 8; — 5. Rewrite model (22) as

Vi = X5 (B5 + (B — B5) + e & ~ N, 0%/A)

Given the normal prior for the random effects, B; — B5 ~ N (0, Q5), the posterior is normal
N(b;, B;) with

-1
Ai IS _
- (st )
t

e y s
bi = B;'! ((,—; > Xi i — X,-S;ﬂs'))
t

Alternatively, the filter form proposed in Frithwirth-Schnatter (2006, p. 266) can be adjusted
appropriately.

The posterior distributions of group-specific parameter heterogeneity Q* are then independent
of each other. We can sample from m(QX|YT, SN, IT AN, B, B, 0%) which is inverse Wishart
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wl(ck, C*) with
k' =co+Ni/2 N =#S; =k}
Ct=Co+1/2) (B —BY (B -89

Si=k

Simulating the transition probabilities £*, £, the variance o? and the parameters governing the
prior group probability, (y, y,), is standard (including a Metropolis—Hastings step for the latter)
and is discussed in Frithwirth-Schnatter and Kaufmann (2008).

APPENDIX C: SAMPLING THE DYNAMIC STRUCTURE p*

If the dynamic structure is not known, the sampler involves an additional step in (ii):

(@) w(SN|YT, 1T, AV, 0);
(ii.a) w(p*|YT, SV, AN, 6);
(i.b) w7 |YT, SN, AN, p*, 6);

(i) 7WN YT, SV 1T, 0);
Gv) w@)YT, SN 1T, AN ).

(ii.a) Simulating p* out of mw(p*|YT, SN, AN, 6). The posterior of the dynamic structure is
discrete:
m(p* = p|YT, SN, AN, 6) o L(YTISV, AN, 6, o) - mp,

for [=1,...,K(K —1). The marginal likelihood associated with the dynamic structure py,
L(YTISV, AN, 6, o) is given by

LYTISV, AN, 6, p1) = Ly o (YTISY, AN, 0) - Ly ay=o (YT ISV, AV, 9) (28)

whereby the first factor is the likelihood part of the coincident and the leading group of series
marginalized over the state indicator, and the second factor is the part contributed by the remaining
groups of series. The second factor can be written

T
Low=o(YTISY, 2N, 0) = ] Low=o(Yi¥"", ¥, 2", 6)
t=p+1

T
=1 II II/Guly"".Siri6) k=1,...K

t=p+1 p;(k)=0 S;=k

where the term f (y;;|y"'~!, S;, 6) turns out to be the normalizing constant of the filter distribution:

IT II 70uly" " 8000 =

p1(k)=0 S;=k
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2
IT TIDC fOulyi™ i di ke = . 0) - el = j1Y", 8V, 07, 0),
p1(k)=0 S;=k j=1

The first factor of the marginal likelihood in (28) can analogously be derived using the filter
distribution for the encompassing state I*T driving the coincident group k, p;(k) = 1, and the
leading group k, p;(k) = 2, respectively:

T
Lywso¥TISV AN, 00 = TT T FOuly"™",Su2,6), k=1,...,K,

t=p+1 pi#0
P Si=k

T 4
=TT IT 3 £ Gulyi s Sinin I = . 6).
=1

pp)#0 j=1
Si=k J

= Iy sV AN ), k=1,...,K

(ii.b) Simulating 17 out of w(IT|YT, SN, AN, p*, 6). Given the dynamic structure parameter p*
and the group indicator SV, the group-specific state indicators can be simulated as described in
Appendix B.

APPENDIX D

D.1. Time series

Acronym Detrending Class Name

YER LD100 National account data GDP real

PCR LDI100 Private consumption, real

ITR LD100 Total investment, real

GCR LD100 Government consumption, real

MTR LD100 Imports, real

XTR LDI100 Exports, real

TOT LD100 Terms of trade

EEN LD100 Nominal effective exchange rate on the export side

USD LD100 Euro/US dollar exchange rate

QTAUF D WIFO quarterly survey Assessment of order books, industry, total, balance in %

QTEXPA D Assessment of export order books, industry, total,
balance in %

QTLAG D Assessment of stocks, industry, total, balance in %

QTPR D Selling price expectations, industry, total, balance in %

QTPRO D Production expectations, industry, total, balance in %

QTBAUF D Assessment of order books, main construction trade,

total, balance in %
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D.1. (Continued)

Acronym Detrending Class Name

QTBPR D Assessment of selling price expectations, main
construction trade, total, balance in %

QTBBGL D Assessment of business situation, main construction
trade, total, balance in %

QTBAGL D Evolution of business situation, main construction trade,
total, balance in %

EECOS LD100 Monthly survey data Economic sentiment indicator

EINDSE D Industry—Confidence indicator

KTPROL D Industry—Production in recent months

KTAUF D Industry—Order books total

KTAUSL D Industry—Exports order books

KTLAG D Industry—Stocks of finished goods

KTPRON D Industry—Production over next months

KTVPN D Industry—Selling prices over next months

BAUVPN D Construction— Selling prices over next months

EBAUSE D Construction— Confidence indicator

EHANSE D Retail trade—Confidence indicator

EKONSE D Consumer confidence indicator

IFOERW LD100 Foreign confidence indicator =~ IFO—Business expectations in Western Germany, index
1991 = 100

IFOKL LD100 IFO—Business climate index for Western Germany,
1991 = 100

IFOGL LD100 IFO—Business situation in Western Germany, Index
1991 = 100

PMI LD100 Purchasing Manager Index USA

HICP LD100 HICP HICP—Overall index

HICP-FO LD100 HICP—Food incl. alcohol and tobacco

HICP-PF LD100 HICP—Processed food incl. alcohol and tobacco

HICP-UF LD100 HICP— Unprocessed food

HICP-G LD100 HICP—Goods

HICP-IG LD100 HICP—Industrial goods

HICP-GX LD100 HICP—Industrial goods excluding energy

HICP-E LD100 HICP—Energy

HICP-S LD100 HICP—Services

HICP-XA LD100 HICP—AII items excluding alcoholic beverages,
tobacco

HICP-XE LD100 HICP—AIl items excluding energy

HICP-XF LD100 HICP—ALI items excluding energy and food

HICP-XG LD100 HICP—AIIl items excluding energy and unprocessed
food

VPIG86 LD100 CPI Consumer price index, all items, 1986 = 100

VPI-WOH86 LDI100 CPI 86, housing, 1986 = 100

TLIG86 LD100 Wages Agreed minimum wages, overall index, 1986 = 100

TLIARG86 LD100 Agreed minimum wages, workers, index 1986 = 100

TLIANGS86 LD100 Agreed minimum wages, salary earners, index
1986 = 100

GHPIG LD100 Wholesale prices Wholesale prices—overall index, 1986 = 100

GHPIOS LD100 Wholesale prices—excl. seasonal goods, 1986 = 100

GHPIGG LD100 Wholesale prices—consumer goods, 1986 = 100

GHPIGL LD100 Wholesale prices—durable commodities, 1986 = 100

GHPIGK LD100 Wholesale prices—non-durable commodities,
1986 = 100

GHPIVBG LD100 Wholesale prices—non-durables, 1986 = 100

GHPIKONG  LD100 Wholesale prices—consumer goods, 1986 = 100

Copyright © 2009 John Wiley & Sons, Ltd.

J. Appl. Econ. 25: 309-344 (2010)
DOI: 10.1002/jae

This content downloaded from
176.187.66.190 on Wed, 04 Nov 2020 21:42:45 UTC
All use subject to https://about.jstor.org/terms



342 S. KAUFMANN

D.1. (Continued)

Acronym Detrending Class Name

GHPIINVG LD100 Wholesale prices—investment goods, 1986 = 100

GHPIINTG LD100 Wholesale prices—intermediate goods, 1986 = 100

OEL LD Oil price, USD per barrel —IMF

EXPG LD100 Foreign trade Exports—FOB total

EXP6 LD100 Exports—FOB basic manufactures, SITC 6

EXP7 LD100 Exports—FOB machines and transport equipment, SITC
7

EXP8 LDI100 Exports—FOB misc. manufactured goods, SITC 8

IMPG LDI100 Imports—CIF total

IMP6 LDI100 Imports—CIF basic manufactures, SITC 6

IMP7 LD100 Imports—CIF machines and transport equipment, SITC
7

IMP8 LD100 Imports—CIF misc. manufactured goods, SITC 8

EXP-US LD100 Exports of commodities to USA

EXP-EU LD100 Exports of commodities to EU

EXP-DE LD100 Exports of commodities to Germany

IMP-US LD100 Imports of commodities from US

IMP-EU LD100 Imports of commodities from EU

IMP-DE LD100 Imports of commodities from Germany

ALQNSA D Unemployment rate, national definition, total SA

ALOSM LD100 Unemployment, male

ALOSW LD100 Unemployment, female

OFST LD100 Vacancies

STANDR LD100 Employees

INDPROD LD100 1P Industrial production, overall index (excl. construction
and energy), 1995 = 100

ATX LD100 Financial variables ATX (Austrian Trading Index)

Ml LD100 M1

M2 LD100 M2

M3 LD100 M3

DAX LD100 DAX

DowJones LDI100 Dow Jones Index

STI D 3-month money market rate

SEKMRE D Secondary market yield on government bonds
(9-10 years)

YIELD D Yield spread

DCR-H LD100 Direct credits to private households

DCR-F LD100 Direct credits to private firms

DCR-G LD100 Direct credits to government

DEBT LD100 Outstanding debt

DCR LD100 Direct credits, total

L, logarithmic level; D, first differenced; 100, multiplied by 100.

ACKNOWLEDGEMENTS

Thanks go to co-editor Herman van Dijk and to two anonymous referees for fruitful comments
and to Richard Paap for valuable comments on an earlier version. The paper was finally revised
while the author was Visiting Scholar and Visiting Lecturer at the University of Basel. Funding of
the stay by the University of Basel is kindly acknowledged. Previous versions of the paper were
presented at the OeNB workshop ‘Macroeconomic Models and Forecasts for Austria’, Vienna,
2004, at the Econometric Research Seminar, Institute for Advanced Studies, Vienna, 2006, at
DIW Macroeconometric Worshop, Berlin 2006, at PRIN/COFIN Workshop, University Tor Vergata

Copyright © 2009 John Wiley & Sons, Ltd. J. Appl. Econ. 25: 309-344 (2010)
DOI: 10.1002/jae

This content downloaded from
176.187.66.190 on Wed, 04 Nov 2020 21:42:45 UTC
All use subject to https://about.jstor.org/terms



DATING AND FORECASTING TURNING POINTS BY BAYESIAN CLUSTERING 343

Rome, 2007, and at the 5" EUROSTAT Colloquium on Modern Tools for Business Cycle Analysis,
Luxembourg, 2008. Comments of seminar participants are acknowledged. The views expressed in
the paper are those of the author and do not necessarily reflect the views of the OeNB.

REFERENCES

Albert JH, Chib S. 1993. Bayesian analysis of binary and polychotomous response data. Journal of the
American Statistical Association 88: 669—-679.

Artis MJ, Marcellino M, Proietti T. 2004a. Dating business cycles: a methodological contribution with an
application to the euro area. Oxford Bulletin of Economics and Statistics 66: 537—565.

Artis MJ, Marcellino M, Proietti T. 2004b. Dating the euro area business cycle. In The Euro Area Business
Cycle: Stylized Facts and Measurement Issues, Reichlin L (ed.). Center for Economic Policy Research:
Washington, DC; 7-33.

Bengoechea P, Pérez-Quirés G. 2004. A useful tool to identify recessions in the euro area. Economic Papers
215, European Economy, European Commission, Directorate-General for Economic and Financial Affairs,
Brussels.

Bruno G, Lupi C. 2004. Forecasting industrial production and the early detection of turning points. Empirical
Economics 29: 647-671.

Canova F, Ciccarelli M. 2004. Forecasting and turning point predictions in a Bayesian panel VAR model.
Journal of Econometrics 120: 327-359.

Chauvet M, Piger J. 2008. A comparison of the real-time performance of business cycle dating methods.
Journal of Business and Economic Statistics 26: 42-49.

Chib S. 1996. Calculating posterior distributions and model estimates in Markov mixture models. Journal of
Econometrics 75: 79-97.

Diebold FX, Lee J-H, Weinbach GC. 1994. Regime switching with time-varying transition probabilities.
In Nonstationary Time Series Analysis and Cointegration, Hargreaves CP (ed.). Oxford University Press:
Oxford; 283-302.

Filardo AJ, Gordon SF. 1998. Business cycle durations. Journal of Econometrics 85: 99—123.

Fok D, van Dijk D, Franses PH. 2005. A mutli-level panel STAR model for US manufacturing sectors.
Journal of Applied Econometrics 20: 811-827.

Forni M, Hallin M, Lippi M, Reichlin L. 2000. The generalized dynamic factor model: identification and
estimation. Review of Economics and Statistics 82: 540-554.

Forni M, Hallin M, Lippi M, Reichlin L. 2001. Coincident and leading indicators for the euro area. Economic
Journal 111: C62-C85.

Friihwirth-Schnatter S. 2001. MCMC estimation of classical and dynamic switching and mixture models.
Journal of the American Statistical Association 96: 194—209.

Friihwirth-Schnatter S. 2006. Finite Mixture and Markov Switching Models. Springer: Berlin.

Friihwirth-Schnatter S, Kaufmann S. 2006. How do changes in monetary policy affect bank lending? An
analysis of Austrian bank data. Journal of Applied Econometrics 21: 275-305.

Friihwirth-Schnatter S, Kaufmann S. 2008. Model-based clustering of multiple time series. Journal of
Business and Economic Statistics 26(1): 78—89.

Hamilton JD. 1989. A new approach to the economic analysis of nonstationary time series and the business
cycle. Econometrica 57: 357-384.

Hamilton JD, Owyang MT. 2008. The propagation of regional recessions. Mimeo, University of California,
San Diego and Federal Reserve Bank of St Louis.

Harding D. 2008. Detecting and forecasting business cycle turning points. Presented at 5th Eurostat
Colloquium on Modern Tools for Business Cycle Analysis. Mimeo, Department of Economics and Finance,
Latrobe University, Melbourne Austrialia.

Harding D, Pagan A. 2006a. The econometric analysis of constructed binary time series. Research Paper
963, Department of Economics, University of Melbourne.

Harding D, Pagan A. 2006b. Synchronization of cycles. Journal of Econometrics 132: 59-79.

Hoogstrate AJ, Palm FC, Pfann GA. 2000. Pooling in dynamic panel-data models: an application to
forecasting GDP growth rates. Journal of Business and Economic Statistics 18: 274-283.

Copyright © 2009 John Wiley & Sons, Ltd. J. Appl. Econ. 25: 309-344 (2010)
DOI: 10.1002/jae

This content downloaded from
176.187.66.190 on Wed, 04 Nov 2020 21:42:45 UTC
All use subject to https://about.jstor.org/terms



344 S. KAUFMANN

Marcellino M. 2006. Leading indicators: what have we learned? In Handbook of Economic Forecasting,
Graham Elliott CG, Timmermann A (eds). Elsevier: Amsterdam; 879-960.

Paap R, Segers R, van Dijk D. 2007. Do leading indicators lead peaks more than troughs? Econometric
Institute Report EI 2007-08 Econometric Institute and Tinbergen Institute, Erasmus University, Rotterdam.

Pesaran MH, Timmermann A. 2007. Selection of estimation window in the presence of breaks. Journal of
Econometrics 137: 134-161.

Phillips KL. 1991. A two-country model of stochastic output with changes in regime. Journal of International
Economics 31: 121-142.

Scott SL. 2006. Data augmentation, frequentistic estimation, and the Bayesian analysis of multinomial logit
models. Mimeo, Marshall School of Business, University of Southern California, Los Angeles, CA.

Sims CA, Waggoner DF, Zha T. 2008. Methods for inference in large multiple-equation Markov-switching
models. Journal of Econometrics 146: 255-274.

Stock JH, Watson MW. 2002. Macroeconomic forecasting using diffusion indexes. Journal of Business and
Economic Statistics 20: 147-162.

Copyright © 2009 John Wiley & Sons, Ltd. J. Appl. Econ. 25: 309-344 (2010)
DOI: 10.1002/jae

This content downloaded from
176.187.66.190 on Wed, 04 Nov 2020 21:42:45 UTC
All use subject to https://about.jstor.org/terms



	Contents
	p. [309]
	p. 310
	p. 311
	p. 312
	p. 313
	p. 314
	p. 315
	p. 316
	p. 317
	p. 318
	p. 319
	p. 320
	p. 321
	p. 322
	p. 323
	p. 324
	p. 325
	p. 326
	p. 327
	p. 328
	p. 329
	p. 330
	p. 331
	p. 332
	p. 333
	p. 334
	p. 335
	p. 336
	p. 337
	p. 338
	p. 339
	p. 340
	p. 341
	p. 342
	p. 343
	p. 344

	Issue Table of Contents
	Journal of Applied Econometrics, Vol. 25, No. 2 (March 2010) pp. 197-353
	Front Matter
	REALISING THE FUTURE: FORECASTING WITH HIGH-FREQUENCY-BASED VOLATILITY (HEAVY) MODELS
[pp. 197-231]
	CONTINUOUS-TIME MODELS, REALIZED VOLATILITIES, AND TESTABLE DISTRIBUTIONAL IMPLICATIONS FOR DAILY STOCK RETURNS
[pp. 233-261]
	MULTIVARIATE RESIDUAL-BASED FINITE-SAMPLE TESTS FOR SERIAL DEPENDENCE AND ARCH EFFECTS WITH APPLICATIONS TO ASSET PRICING MODELS
[pp. 263-285]
	BAYESIAN QUANTILE REGRESSION METHODS
[pp. 287-307]
	DATING AND FORECASTING TURNING POINTS BY BAYESIAN CLUSTERING WITH DYNAMIC STRUCTURE: A SUGGESTION WITH AN APPLICATION TO AUSTRIAN DATA
[pp. 309-344]
	REPLICATION SECTION
	GENERAL-INTEREST VERSUS SPECIALTY JOURNALS: USING INTELLECTUAL INFLUENCE OF ECONOMETRICS RESEARCH TO RANK ECONOMICS JOURNALS AND ARTICLES
[pp. 345-353]

	Back Matter



