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Abstract 13

In this chapter we provide a guide for the construction, use and evaluation of Ieacii:ng
indicators, and an assessment of the most relevant recent developments in this figld of
economic forecasting. To begin with, we analyze the problem of indicator selectipn,
choice of filtering methods, business cycle dating procedures to transform a continygus
variable into a binary expansion/recession indicator, and methods for the construgtjon
of composite indexes. Next, we examine models and methods to transform the leaging
indicators into forecasts of the target variable. Finally, we consider the evaluation, of
the resulting leading indicator based forecasts, and review the recent literature on,the

forecasting performance of leading indicators. -
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1. Introduction 1
2
Since the pioneering work dflitchell and Burns (1938andBurns and Mitchell (1946) 3
leading indicators have attracted considerable attention, in particular by politicians and
business people, who consider them as a useful tool for predicting future economic eon-
ditions. Economists and econometricians have developed more mixed feelings towards
the leading indicators, starting witkoopmans’ (1947kritique of the work of Burns 7
and Mitchell, considered as an exercise in “measurement without theory”. The result-
ing debate has stimulated the production of a vast literature that deals with the diffepent
aspects of the leading indicators, ranging from the choice and evaluation of the best
indicators, possibly combined in composite indexes, to the development of more and
more sophisticated methods to relate them to the target variable. 12
In this chapter we wish to provide a guide for the construction, use and evaluati®n
of leading indicators and, more important, an assessment of the most relevant regent
developments in this field of economic forecasting. 15
We start in Sectior? with a discussion of the choice of the target variable for the
leading indicators, which can be a single variable, such as GDP or industrial prodac-
tion, or a composite coincident index, and the focus can be in anticipating either futre
values of the target or its turning points. We then evaluate the basic requirements faran
economic variable to be a useful leading indicator, which can be summarized as: 20
(i) consistent timing (i.e., to systematically anticipate peaks and troughs in the tar-

get variable, possibly with a rather constant lead time); 22
(i) conformity to the general business cycle (i.e., have good forecasting properties
not only at peaks and troughs); 24

(iii) economic significance (i.e., being supported by economic theory either as pos-
sible causes of business cycles or, perhaps more importantly, as quickly reacting

to negative or positive shocks); 27
(iv) statistical reliability of data collection (i.e., provide an accurate measure of tke
quantity of interest); 29

(v) prompt availability without major later revisions (i.e., being timely and regularise
available for an early evaluation of the expected economic conditions, withaut

requiring subsequent modifications of the initial statements); 32
(vi) smooth month to month changes (i.e., being free of major high frequency mose-
ments). 34

Once the choice of the target measure of aggregate activity and of the leading indita-
tors is made, two issues emerge: first, the selection of the proper variable transformatéon,
if any, and, second, the adoption of a dating rule that identifies the peaks and trosghs
in the series, and the associated expansionary and recessionary periods and theirsglura-
tions. The choice of the variable transformation is related to the two broad definitions
of the cycle recognized in the literature, the so-called classical cycle and the growtkeor
deviation cycle. In the case of the deviation cycle, the focus is on the deviations of the
target variable from an appropriately defined trend rate of growth, while the classieal
cycle relies on the levels of the target variable. There is a large technical literatureson
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variable transformation by filtering the data, and in Sec8ore review some of the key 1
contributions in this area. We also compare alternative dating algorithms, highlighting
their pros and cons. 3
In Section4 we describe simple nonmodel based techniques for the constructiort of
composite coincident or leading indexes. Basically, each component of the index sheuld
be carefully selected on the basis of the criteria mentioned above, properly filtered to
enhance its business cycle characteristics, deal with seasonal adjustment and remove
outliers, and standardized to make its amplitude similar or equal to that of the other
index components. The components are then aggregated into the composite index aising
a certain weighting scheme, typically simple averaging. 10
From an econometric point of view, composite leading indexes constructed following
the procedure sketched above are subject to several criticisms. For example, there is
no explicit reference to the target variable in the construction of the composite leading
index and the weighting scheme is fixed over time, with periodic revisions mostly dye
either to data issues, such as changes in the production process of an indicator, or t6 the
past unsatisfactory performance of the index. The main counterpart of these problems
is simplicity. Nonmodel based indexes are easy to build, easy to explain, and easy to
interpret, which are very valuable assets, in particular for the general public andfor
policy-makers. Moreover, simplicity is often a plus also for forecasting. 19
Most of the issues raised for the nonmodel based approach to the constructio® of
composite indexes are addressed by the model based procedures, which can be grauped
into two main classes: dynamic factor models and Markov switching models. 22
Dynamic factor models were developed Ggweke (1977pand Sargent and Sims 23
(1977) but their use became well known to most business cycle analysts after the publi-
cation ofStock and Watson'’s (198@}tempt to provide a formal probabilistic basis forzs
Burns and Mitchell’'s coincident and leading indicators. The rationale of the approacksis
that a set of variables is driven by a limited number of common forces, and by idiosyn-
cratic components that are uncorrelated across the variables under argtlysisand 28
Watson (1989stimated a coincident index of economic activity as the unobservabde
factor in a dynamic factor model for four coincident indicators: industrial productiose,
real disposable income, hours of work and sales. 31
The main criticismSims (1989Yaised in his comment t8tock and Watson (1989) 32
is the use of a constant parameter statistical model (estimated with classical ratherxhan
Bayesian methods). This comment relates to the old debate on the characterizatien of
business cycles as extrinsic phenomena, i.e., generated by the arrival of external skecks
propagated through a linear model, versus intrinsic phenomena, i.e., generated bgsthe
nonlinear development of the endogenous variables. The main problem with the latter
view, at least implicitly supported also by Burns and Mitchell that treated expansioas
and recessions as two different periods, was the difficulty of casting it into a simple and
testable statistical framework, an issue addresseddyilton (1989) 40
Hamilton’s (1989)Markov switching model allows the growth rate of the variables:
(and possibly their dynamics) to depend on the status of the business cycle, which is
modelled as a Markov chain. With respect to the factor model based analysis, there is
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again a single unobservable force underlying the evolution of the indicators but, first, it
is discrete rather than continuous and, second, it does not directly affect or summarize
the variables but rather indirectly determines their behavior that can change substantially
over different phases of the cycle. 4

As in the case oftock and Watson (198%amilton (1989has generated an impres-5s
sive amount of subsequent research. Here it is worth mentioning the wddiebpld
and Rudebusch (1996)hich allows the parameters of the factor modeStock and 7
Watson (1989}o change over the business cycle according to a Markov pro€ess. s
and Nelson (1998gstimated the same model but in a Bayesian framework using the
Gibbs sampler, as detailed below, therefore addressing both of Sims’ criticisms reported
above. Unfortunately, both papers confine themselves to the construction of a coincident
indicator and do not consider the issue of leading indicators. 12

In Sectionss and 6we review in detail the competing model based approaches to the
construction of composite indexes and discuss their advantages and disadvantagess

In Section7 we illustrate the practical implementation of the theoretical results by
constructing and comparing a set of alternative indexes for the US. We find thatiall
model based coincident indexes are in general very similar and close to the equal
weighted ones. As a consequence, the estimation of the current economic conditieh is
rather robust to the choice of method. The model based leading indexes are somewhat
different from their nonmodel based counterparts. Their main advantage is that theyare
derived in a proper statistical framework that, for example, permits the computatiorziof
standard errors around the index, the unified treatment of data revisions and misging
observations, and the possibility of using time-varying parameters. 23

In Section8 we evaluate other approaches for forecasting using leading indicataes.
In particular, Sectior8.1 deals with observed transition models, where the relationship
between the target variable and the leading indicators can be made dependent one& set
of observable variables, such as GDP growth or the interest rate. S8@iconsiders 27
neural network and nonparametric methods, where even less stringent hypotheses are
imposed on the relationship between the leading indicators and their target. $e8tione
focuses on the use of binary models for predicting business cycle phases, a topicsthat
attracted considerable attention in the '90s, perhaps as a consequence of the influential
study byDiebold and Rudebusch (198%jinally, Sectior8.4 analyzes forecast pooling 32
procedures in the leading indicator context since, starting with the pioneering worksof
Bates and Granger (1969) is well known that combining several forecasts can yield4
more accurate predictions than those of each of the individual forecasts. 35

In Section9 we consider the methodological aspects of the evaluation of the forecast-
ing performance of the leading indicators when used either in combination with simple
rules to predict turning points [e.g/accara and Zarnowitz (197]8pr as regressors in 38
a model for (a continuous or discrete) target variable. We then discuss a set of empisical
examples, to illustrate the theoretical concepts. 40

A review of the recent literature on the actual performance of leading indicatorgiis
contained in SectiohO. Four main strands of research can be identified in this literature.
First, the consequences of the use of real time information on the composite leading
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index and its components rather than the final releases. Second, the assessmentof the
relative performance of the new more sophisticated models for the coincident-leading
indicators. Third, the evaluation of financial variables as leading indicators. FinaHy,
the analysis of the behavior of the leading indicators during the two most recent JS
recessions as dated by the NBER, namely, July 1990-March 1991 and March 2G01-
November 2001. 6

To conclude, in Sectiofil we summarize what we have learned about leading indi-
cators in the recent past, and suggest directions for further research in this interesting
and promising field of forecasting. 9

10

11
2. Sdlection of thetarget and leading variables 12

13
The starting point for the construction of leading indicators is the choice of the target
variable, namely, the variable that the indicators are supposed to lead. Such a chgice
is discussed in the first subsection. Once the target variable is identified, the leaging
indicators have to be selected, and we discuss selection criteria in the second subsegtion.
18
2.1. Choice of target variable 1
. 20
Burns and Mitchell (1946, p. 3roposed that: ’
“...a cycleconsists of expansions occurring at about the same time in many ecoe2
nomic activities. .” 23
Yet, later on in the same book (p. 72) they stated: 2
25
“Aggregate activity can be given a definite meaning and made conceptually measy

surable by identifying it with gross national product.” 27

These quotes underlie the two most common choices of target variable: either a sifigle
indicator that is closely related to GDP but available at the monthly level, or a compostte
index of coincident indicators. 80

GDP could provide a reliable summary of the current economic conditions if it wete
available on a monthly basis. Though both in the US and in Europe there is a grow¥hg
interest in increasing the sampling frequency of GDP from quarterly to monthly, t¥e
current results are still too preliminary to rely on. 34

In the past, industrial production provided a good proxy for the fluctuations of GDOP,
and it is still currently monitored for example by the NBER business cycle dating cof-
mittee and by the Conference Board in the US, in conjunction with other indicato¥s.
Yet, the ever rising share of services compared with the manufacturing, mining, gas®nd
electric utility industries casts more and more doubts on the usefulness of IP as a siigle
coincident indicator. 40

Another common indicator is the volume of sales of the manufacturing, wholesgle
and retail sectors, adjusted for price changes so as to proxy real total spending. Its raain
drawback, as in the case of IP, is its partial coverage of the economy. 43
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A variable with a close to global coverage is real personal income less transfers,
that underlies consumption decisions and aggregate spending. Yet, unusual productivity
growth and favorable terms of trade can make income behave differently from pays#oll
employment, the other most common indicator with economy wide coverage. Mére
precisely, the monitored series is usually the number of employees on nonagricultural
payrolls, whose changes reflect the net hiring (both permanent and transitory) and firing
in the whole economy, with the exception of the smallest businesses and the agnculfural
sector.

Some authors focused on unemployment rather than employmenB@dijn (1994) °
or Chin, Geweke and Miller (2000pn the grounds that the series is timely availablé®
and subject to minor revisions. Yet, typically unemployment is slightly lagging and n"ét
coincident.

Overall, it is difficult to identify a single variable that provides a good measure %ff
current economic conditions, is available on a monthly basis, and is not subject to m&jor
later revisions. Therefore, it is preferable to consider combinations of several coincidént
indicators. 16

The monitoring of several coincident indicators can be done either informally, fdr
example the NBER business cycle dating committee examines the joint evolution of 1P,
employment, sales and real disposable income [seeHalyet al. (2003), or formally, *°
by combining the indicators into a composite index. A composite coincident index (,23n
be constructed in a nonmodel based or in a model based framework, and we will reV|ew
the main approaches within each category in Sectoasd 5 respectively.

Once the target variable is defined, it may be necessary to emphasize its cyclical prop-
erties by applying proper filters, and/or to transform it into a binary expan5|on/recess2fon
indicator relying on a proper dating procedure. Both issues are discussed in Sectlon

27
28
29
Since the pioneering work dflitchell and Burns (1938)variable selection has rightly 3o
attracted considerable attention in the leading indicator literature; seeZargawitz s
and Boschan (1975a, 1975for a review of early procedures at the NBER and Des,
partment of Commercéloore and Shiskin (196 fprmalized an often quoted scoring s3
system [see, e.gBoehm (2001)Phillips (1998-1999) based mostly upon 34
(i) consistent timing as a leading indicator (i.e., to systematically anticipate peaks
and troughs in the target variable, possibly with a rather constant lead time);zs
(i) conformity to the general business cycle (i.e., have good forecasting properties
not only at peaks and troughs); 38
(iif) economic significance (i.e., being supported by economic theory either as pss-
sible causes of business cycles or, perhaps more importantly, as quickly reacting
to negative or positive shocks); 41
(iv) statistical reliability of data collection (i.e., provide an accurate measure of the
quantity of interest); 43

2.2. Choice of leading variables
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(v) prompt availability without major later revisions (i.e., being timely and regularly
available for an early evaluation of the expected economic conditions, withaut

requiring subsequent modifications of the initial statements); 3
(vi) smooth month to month changes (i.e., being free of major high frequency move-
ments). 5

Some of these properties can be formally evaluated at different levels of sophistica-
tion. In particular, the peak/trough dates of the target and candidate leading variables
can be compared and used to evaluate whether the peak structure of the leadingsindi-
cator systematically anticipated that of the coincident indicator, with a stable lead time
(property (i)). An alternative procedure can be based on the statistical concordance of
the binary expansion/recession indicators (resulting from the peak/trough dating):for
the coincident and lagged leading variables, where the number of lags of the leading
variable can be either fixed or chosen to maximize the concordance. A formal testifor
no concordance is defined below in Sect®oh A third option is to run a logit/probit re- 14
gression of the coincident expansion/recession binary indicator on the leading variable,
evaluating the explanatory power of the latter. The major advantage of this procedure is
that several leading indicators can be jointly considered to measure their partial comtri-
bution. Details on the implementation of this procedure are provided in Se&:8on 18

To assess whether a leading indicator satisfies property (ii), conformity to the general
business cycle, it is preferable to consider it and the target coincident index as contin-
uous variables rather than transforming them into binary indicators. Then, the settof
available techniques includes frequency domain procedures (such as the spectrak co-
herence and the phase lead), and several time domain methods, ranging from Granger
causality tests in multivariate linear models, to the evaluation of the marginal predictive
content of the leading indicators in sophisticated nonlinear models, possibly with tiene
varying parameters, see Sectighand 8for details on these methods. Within the timezs
domain framework it is also possible to consider a set of additional relevant issues sach
as the presence of cointegration between the coincident and leading indicators, thesde-
termination of the number lags of the leading variable, or the significance of duratien
dependence. We defer a discussion of these topics to Séction 30

Property (iii), economic significance, can be hardly formally measured, but it3is
quite important both to avoid the measurement without theory critique Kmagpmans 32
(1947) and to find indicators with stable leading characteristics. On the other hand,the
lack of a commonly accepted theory of the origin of business cycles [seeletger 34
and Schuh (1998)makes it difficult to select a single indicator on the basis of its ecos
nomic significance. 36

Properties (iv) and (v) have received considerable attention in recent years andsto-
gether with economic theory developments, underlie the more and more widespread
use of financial variables as leading indicators (due to their exact measurability, prosapt
availability and absence of revisions), combined with the adoption of real-time datagets
for the assessment of the performance of the indicators, see Sa&€ifor details 41
on these issues. Time delays in the availability of leading indicators are particulaely
problematic for the construction of composite leading indexes, and have been tre#ted
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differently in the literature and in practice. Either preliminary values of the compas-
ite indexes are constructed excluding the unavailable indicators and later revised, adong
the tradition of the NBER and later of the Department of Commerce and the Confer-
ence Board, or the unavailable observations are substituted with forecasts, as in the
factor based approaches described in Sedii@The latter solution is receiving in- 5
creasing favor also within the traditional methodology; see, BlgGuckin, Ozyildirim &
and Zarnowitz (2003)Within the factor based approaches the possibility of measure-
ment error in the components of the leading index, due, e.g., to data revisions, canglso
be formally taken into account, as discussed in Se@&i@nbut in practice the resulting ©
composite indexes require later revisions as well. Yet, both for the traditional and for
the more sophisticated methods, the revisions in the composite indexes due to thetuse
of later releases of their components are minor. 12

The final property (vi), a smooth evolution in the leading indicator, can require a care-
ful choice of variable transformations and/or filter. In particular, the filtering procedures
discussed in Sectidhican be applied to enhance the business cycle characteristics ofthe
leading indicators, and in general should be if the target variable is filtered. In general,
they can provide improvements with respect to the standard choice of month to manth
differences of the leading indicator. Also, longer differences can be useful to captgre
sustained growth or lack of it [see, e.Birchenhall et al. (1999)r differences with re- 19
spect to the previous peak or trough to take into consideration the possible nonstationary
variations of values at turning points [see, eGhjn, Geweke and Miller (200D) 21

As in the case of the target variable, the use of a single leading indicator is danegger-
ous because economic theory and experience teach that recessions can have different
sources and characteristics. For example, the twin US recessions of the early '80s were
mostly due to tight monetary policy, that of 1991 to a deterioration in the expectatiehs
climate because of the first Iraq war, and that of 2001 to the bursting of the stock matket
bubble and, more generally, to over-investment; see, &tgck and Watson (2003dn 27
the Euro area, the three latest recessions according to the CEPR dating are also rather
different, with the one in 1974 lasting only three quarters and characterized by synckso-
nization across countries and coincident variables, as in 1992—-1993 but contrary teéthe
longer recession that started at the beginning of 1980 and lasted 11 quarters. 31

A combination of leading indicators into composite indexes can therefore be mere
useful in capturing the signals coming from different sectors of the economy. The cen-
struction of a composite index requires several steps and can be undertaken eithe#4in a
nonmodel based framework or with reference to a specific econometric model of #he
evolution of the leading indicators, possibly jointly with the target variable. The tweo

approaches are discussed in Sectibasd 6 respectively. 37
38

39
3. Filtering and dating procedures 40

41
Once the choice of the target measure of aggregate activity (and possibly of the leagting
indicators) is made, two issues emerge: first the selection of the proper variable trems-
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formation, if any, and second the adoption of a dating rule that identifies the peaks and
troughs in the series, and the associated expansionary and recessionary periods and their
durations. 3

The choice of the variable transformation is related to the two broad definitions#of
the cycle recognized in the literature, the so-called classical cycle and the growth or
deviation cycle. In the case of the deviation cycle, the focus is on the deviations ofthe
rate of growth of the target variable from an appropriately defined trend rate of growth,
while the classical cycle relies on the levels of the target variable. 8

Besides removing long term movements as in the deviation cycle, high frequeacy
fluctuations can also be eliminated to obtain a filtered variable that satisfies the duration

requirement in the original definition &urns and Mitchell (1946, p. 3) 11
12
“...in duration business cycles vary from more than gear to ten or twelve

years; they are not divisible into shorter cycles of similar character with amplitudes,

approximating their own.” 15

There is a large technical literature on methods of filtering the data. In line with
the previous paragrapBaxter and King (1999argued that the ideal filter for cycle 17
measurement must be customized to retain unaltered the amplitude of the busines$ cy-
cle periodic components, while removing high and low frequency components. Thi&is
known as aband-pass filter and, for example, when only cycles with frequency in thé®
range 1.5-8 years are of interest, the theoretical frequency response function of th& fil-
ter takes the rectangular formi(w) = 1(27/(8s) < w < 27/(1.5s)), where [-) is 22
the indicator function. Moreover, the phase displacement of the filter should alway$be
zero, to preserve the timing of peaks and troughs; the latter requirement is satisfie by

a symmetric filter. 25
Given the two business cycle frequencies, = 2 /(8s) andw.2 = 27/(1.5s), the 26
band-pass filter is 2
28

o0
— Wl m(wCZ]) - Sm(a)cl]) i —j 29
wpp(L) = Z (L/ +L7). L

31
Thus, the ideal band-pass filter exists and is unique, but it entails an infinite nunder
of leads and lags, so in practice an approximation is requiBagter and King (1999) 33
showed that th& -terms approximation to the ideal filtét) that is optimal in the sense 34
of minimizing the integrated squared approximation error is sinffpjytruncated at 35
lag K. They proposed using a three year window, ik~ 3s, as a valid rule of thumb 3s
for macroeconomic time series. They also constrained the weights to sum up to zgro,
so that the resulting approximation is a detrending filter; see, 8tgck and Watson 38
(1999a)for an application. 39
As an alternativeChristiano and Fitzgerald (2008yoposed to project the ideal fil- 40
ter on the available sample. ¢f = wpp(L)x; denotes the ideal cyclical component,s1
their proposal is to considés = E(c; | x1, ..., x7), wherex; is given a parametric 42
linear representation, e.g., an ARIMA model. They also found that for a wide classwof
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macroeconomic time series the filter derived under the random walk assumptign for
is feasible and handy. 2

Baxter and King (1999id not consider the problem of estimating the cycle at the ex-
tremes of the available sample (the first and last three years), which is inconvenient for
a real-time assessment of current business conditi@msstiano and Fitzgerald (2003) s
suggested to replace the out of sample missing observations by their best linearepre-
diction under the random walk hypothesis. Yet, this can upweight the last and the first
available observations. 8

As a third alternativeArtis, Marcellino and Proietti (2004, AMRJesigned a band- ¢
pass filter as the difference of twéodrick and Prescott (199 @etrending filters with 10
parameters. = 1 andi = 677.13, where these values are selected to ensure that
we1 = 21/(8s) andwe2 = 27/(1.5s). The resulting estimates of the cycle are coms:z2
parable to the Baxter and King cycle, although slightly noisier, without suffering from
unavailability of the end of sample estimates. 14

Working with growth rates of the coincident variables rather than levels, a conventien
typically adopted for the derivation of composite indexes, corresponds to the application
of a filter whose theoretical frequency response function increases monotonically, start-
ing at zero at the zero frequency. Therefore, growth cycles and deviation cycles reed
not be very similar. 19

In early post-war decades, especially in Western Europe, growth was relatively per-
sistent and absolute declines in output were comparatively rare; the growth or deviation
cycle then seemed to be of more analytical value, especially as inflexions in the rate of
growth of output could reasonably be related to fluctuations in the levels of employmant
and unemployment. In more recent decades, however, there have been a number of in-
stances of absolute decline in output, and popular description at any rate has focussed
more on the classical cycle. The concern that de-trending methods can affect the iréor-
mation content of the series in unwanted ways [see, €anpva (1999)has reinforced 27
the case for examining the classical cycle. The relationships among the three types of
cycles are analyzed in more details below, after defining the dating algorithms to iden-
tify peaks and troughs in the series and, possibly, transform it into a binary indicatoro

In the US, the National Bureau of Economic Reseahttp(//www.nber.oryprovides 31
a chronology of the classical business cycle since the early '20s, based on the congen-
sus of a set of coincident indicators concerning production, employment, real incame
and real sales, that is widely accepted among economists and policy-makers; seese.g.,
Moore and Zarnowitz (1986A similar chronology has been recently proposed for thes
Euro area by the Center for Economic Policy Reseantp{/www.cepr.ory, seeArtis 36
et al. (2003) 37

Since the procedure underlying the NBER dating is informal and subject to substan-
tial delays in the announcement of the peak and trough dates (which is rational to asoid
later revisions), several alternative methods have been put forward and tested orothe
basis of their ability to closely reproduce the NBER classification. 41

The simplest approach, often followed by practitioners, is to identify a recession with
at least two quarters of negative real GDP growth. Yet, the resulting chronology diffexs


http://www.nber.org
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with respect to the NBER in a number of occasions; see, Watson (1991pr Boldin 1
(1994) 2

A more sophisticated procedure was developedBby and Boschan (1971and 3
further refined byHarding and Pagan (2002n particular, for quarterly data on the 4
log-difference of GDP or GNPAx,), Harding and Pagan defined an expansion terms-

nating sequence, ETSand a recession terminating sequence, Rasfollows: 6
7

ETS = {(Axi41 < 0) N (AAx 42 < 0)}, 2 °

9

RTS = {(Axi41 > 0) N (AAx 42 > 0)}. "

The former defines a candidate point for a peak in the classical business cycle, which
terminates the expansion, whereas the latter defines a candidate for a trough. When
compared with the NBER dating, usually there are only minor discrepargtiesk and 13
Watson (1989adopted an even more complicated rule for identifying peaks and troughs
in their composite coincident index. 15
Within the Markov Switching (MS) framework, discussed in details in Sect®nsis
and § a classification of the observations into two regimes is automatically produced
by comparing the probability of being in a recession with a certain threshold, e.g., 0&0.
The turning points are then easily obtained as the dates of switching from expansion
to recession, or vice versa. Among othé3s]din (1994)reported encouraging results 2o
using an MS model for unemployment, ahdyton (1996)for the ECRI coincident 21
index. Chauvet and Piger (2002)so confirmed the positive results with a real-time:z
dataset and for a more up-to-date sample period. 23
Harding and Pagan (2008pmpared their nonparametric rule with the MS approachs
and further insight can be gained frddamilton’s (2003)comments on the paper andzs
the authors’ rejoinder. While the nonparametric rule produces simple, replicable and
robust results, it lacks a sound economic justification and cannot be used for probakilis-
tic statements on the current status of the economy. On the other hand, the MS madel
provides a general statistical framework to analyze business cycle phenomena, bubthe
requirement of a parametric specification introduces a subjective element into the arsaly-
sis and can necessitate careful tailoring. Moreover, if the underlying model is linear,zhe
MS recession indicator is not identified while pattern recognition works in any case 32
AMP developed a dating algorithm based on the theory of Markov chains that retamns
the attractive features of the nonparametric methods, but allows the computation ofthe
probability of being in a certain regime or of a phase switch. Moreover, the algoritlsm
can be easily modified to introduce depth or amplitude restrictions, and to constructdif-
fusion indices. Basically, the transition probabilities are scored according to the pattern
in the seriesy, rather than within a parametric MS model. The resulting chronology
for the Euro area is very similar to the one proposed by the CEPR, and a similar result
emerges for the US with respect to the NBER dating, with the exception of the last
recession, see Secti@rbelow for details. 41
An alternative parametric procedure to compute the probability of being in a certégn
cyclical phase is to adopt a probit or logit model where the dependent variable is4he
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NBER expansion/recession classification, and the regressors are the coincident indica-
tors. For exampleBirchenhall et al. (19993howed that the fit of a logit model is very 2
good in sample when the four NBER coincident indicators are used. They also foand
that the logit model outperformed an MS alternative, whigton and Katsuura (2001) 4
obtained the opposite ranking in a slightly different context. 5
The in-sample estimated parameters from the logit or probit models can also be ased
in combination with future available values of the coincident indicators to predict the
future status of the economy, which is useful, for example, to conduct a real time dating
exercise because of the mentioned delays in the NBER announcements. 9
So far, in agreement with most of the literature, we have classified observations mto
two phases, recessions and expansions, which are delimited by peaks and troughs in
economic activity. However, multiphase characterizations of the business cycle aretnot
lacking in the literature: the popular definition dueBarns and Mitchell (1946pos- 13
tulated four states: expansion, recession, contraction, recovery; segictisd (1994) 14
for an ex-ante three phases characterization of the business Aytite,Krolzig and 15
Toro (2004)for an ex-post three-phases classification based on a model with Markev
switching, and_ayton and Katsuura (20019r the use of multinomial logit models. 17
To conclude, having defined several alternative dating procedures, itis useful to reteirn
to the different notions of business cycle and recall a few basic facts about their dating,
summarizing results in AMP. 20
First, neglecting duration ties, classical recessions (i.e., peak-trough dynamjy;s in21
correspond to periods of prevailing negative growtk; < 0. In effect, negative growth 22
is a sufficient, but not necessary, condition for a classical recession under the Bryzand
Boschan dating rule and later extensions. Periods of positive growth can be obserwed
during a recession, provided that they are so short lived that they do not determinesan
exit from the recessionary state. 26
Second, turning points in, correspond toAx; crossing the zero line (from above 27
zero if the turning point is a peak, from below in the presence of a trough)iThis 28
is strictly true under the calculus rule, according to whith, < 0 terminates the 2o
expansion. 30
Third, if x, admits the log-additive decomposition, = ¥, + u;, wherey,; de- a1
notes the deviation cycle, then growth is in turn decomposed into cyclical and residaal
changes: 33
34
Ax; =AYy + Apy.
Hence, assuming thaku, is mostly due to growth in trend output, deviation cycless
recessions correspond to periods of growth below potential growth, that isc Ap,. 37
Using the same arguments, turning points correspomsxocrossingAu,;. When the 38
sum of potential growth and cyclical growth is below zero, thahjs, + Ay, < 0, 39
a classical recession also occurs. 40
Finally, as an implication of the previous facts, classical recessions are always a
subset of deviation cycle recessions, and there can be multiple classical recessianary
episodes within a period of deviation cycle recessions. This suggests that an analysis of

35
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the deviation cycle can be more informative and relevant also from the economic policy
point of view, even though more complicated because of the filtering issues related to
the extraction of the deviation cycle. 3

IS

5
6
7

4. Construction of nonmodel based composite indexes

In the nonmodel based framework for the construction of composite indexes, the first
element is the selection of the index components. Each component should satisf)i the
criteria mentioned in Sectio In addition, in the case of leading indexes, a balance d
representation of all the sectors of the economy should be achieved, or at least of those
more closely related to the target variable. 1

The second element is the transformation of the index components to deal with sea-
sonal adjustment, outlier removal, treatment of measurement error in first releases of
indicators subject to subsequent revision, and possibly forecast of unavailable mosre-
cent observations for some indicators. These adjustments can be implemented gither
in a univariate framework, mostly by exploiting univariate time series models for eagh
indicator, or in a multivariate context. In addition, the transformed indicators shoyld
be made comparable to be included in a single index. Therefore, they are typically ge-
trended (using different procedures such as differencing, regression on determinjstic
trends, or the application of more general band-pass filters), possibly smoothed to eJim-
inate high frequency movements (using moving averages or, again, band pass filtgrs),
and standardized to make their amplitudes similar or equal. ”

The final element for the construction of a composite index is the choice of a weight-
ing scheme. The typical choice, once the components have been standardized, is tggive
them equal weights. This seems a sensible averaging scheme in this context, unless;there
are particular reasons to give larger weights to specific variables or sectors, depengding
on the target variable or on additional information on the economic situation; see, e4.,
Niemira and Klein (1994, Chapter 8)r details. 30

A clear illustration of the nonmodel based approach is provided by (a slightly sim-
plified version of) the step-wise procedure implemented by the Conference Board,&B
(previously by the Department of Commerce, DOC) to construct their composite caifn-
cident index (CCl), seeww.conference-board.offgr details. 34

First, for each individual indicatory;;, month-to-month symmetric percentagess
changes (spc) are computedas spc = 200 (xi; — xir—1)/(xir + xir1+1). Second,  sz6
for eachx;, spca volatility measurey;, is computed as the inverse of its standard dex
viation. Third, eachy;; spc is adjusted to equalize the volatility of the componentss
the standardization factor beirg= v;/ > ; v;. Fourth, the standardized componentsse
mi; = s;Xj;_spe are summed together with equal weights, yielding= > _; m;,. Fifth, 40
the index in levels is computed as 41

42

CCl; = CCl;—1 % (2004 m;)/(200— m,) (3) 43


http://www.conference-board.org
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with the starting condition 1
2

CCly = (200+ m1)/(200— m1). 8

4

Finally, rebasing CCI to average 100 in 1996 yields the §zCl 5

From an econometric point of view, composite leading indexes (CLI) constructed fol-
lowing the procedure sketched above are subject to several criticisms, some of which
are derived in a formal framework EBmerson and Hendry (1996First, even though 8
the single indicators are typically chosen according to some formal or informal biveri-
ate analysis of their relationship with the target variable, there is no explicit referete
to the target variable in the construction of the CLI, e.g., in the choice of the weightitig
scheme. Second, the weighting scheme is fixed over time, with periodic revisions mostly
due either to data issues, such as changes in the production process of an indicatorlr to
the past unsatisfactory performance of the index. Endogenously changing weights'that
track the possibly varying relevance of the single indicators over the business cycle’and
in the presence of particular types of shocks could produce better results, even théligh
their derivation is difficult. Third, lagged values of the target variable are typically nbt
included in the leading index, while there can be economic and statistical reasons urider-
lying the persistence of the target variable that would favor such an inclusion. Four%h
lagged values of the single indicators are typically not used in the index, while they
could provide relevant information, e.g., because not only does the point value of2 an
indicator matter but also its evolution over a period of time is important for anumpa;g—
ing the future behavior of the target variable. Fifth, if some indicators and the target
variable are cointegrated, the presence of short run deviations from the long run ezgui-
librium could provide useful information on future movements of the target variable.
Finally, since the index is a forecast for the target variable, standard errors should gJso
be provided, but their derivation is virtually impossible in the nonmodel based contgxt
because of the lack of a formal relationship between the index and the target. 29

The main counterpart of these problems is simplicity. Nonmodel based indexes gre
easy to build, easy to explain, and easy to interpret, which are very valuable assetg, in
particular for the general public and for policy-makers. Moreover, simplicity is often;a
plus also for forecasting. With this method there is no estimation uncertainty, no ma-
jor problems of overfitting, and the literature on forecast pooling suggests that eqyal
weights work pretty well in practice [see, e.§tock and Watson (2003aven though 35
here variables rather than forecasts are pooled. 36

Most of the issues raised for the nonmodel based composite indexes are addressed
by the model based procedures described in the next two sections, which in turn ase in
general much more complicated and harder to understand for the general public. There-
fore, while from the point of view of academic research and scientific backgroundsof
the methods there is little to choose, practitioners may well decide to base their pref-
erences on the practical forecasting performance of the two approaches to compesite
index construction. 43
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5. Construction of model based composite coincident indexes 1

2
Within the model based approaches for the construction of a composite coincidens in-
dex (CCI), two main methodologies have emerged: dynamic factor models and Markov
switching models. In both cases there is a single unobservable force underlying thescur-
rent status of the economy, but in the former approach this is a continuous variable,
while in the latter it is a discrete variable that evolves according to a Markov chain. We
now review these two methodologies, highlighting their pros and cons. 8

9
5.1. Factor based CCI 10

11
Dynamic factor models were developed Beweke (1977)and Sargent and Sims 4,
(1977) but their use became well known to most business cycle analysts after the pybli-
cation ofStock and Watson’s (1989, S\ajtempt to provide a formal probabilistic basis;,
for Burns and Mitchell’'s coincident and leading indicators, with subsequent refinemepgts
of the methodology irStock and Watson (1991, 1992)he rationale of the approach ;4
is that a set of variables is driven by a limited number of common forces and by idje-
syncratic components that are either uncorrelated across the variables under analygis or
in any case common to only a limited subset of them. The particular model that SV

adopted is the following: 20
Axy =B+ y(L) AC + uy, 4 =

22

D(L)lzlt = €&y, (5) 23
¢(L) AC; =3 + vy, (6) 24

wherex; includes the (logs of the) four coincident variables used by the CB for théfr
CClcg, the only difference being the use of hours of work instead of employment sirfée
the former provides a more direct measure of fluctuations in labor igpig.the single %’
factor driving all variables, while, is the idiosyncratic components indicates the 28
first difference operatod, is the lag operator ang(L), D(L), ¢ (L) are, respectively,
vector, matrix and scalar lag polynomials. SW used first differenced variables since ¢hit
root tests indicated that the coincident indexes were integrated, but not cointegrafed.
The model is identified by assuming thatL) is diagonal an@; andv, are mutually 32
and serially uncorrelated at all leads and lags, which ensures that the common anéfthe
idiosyncratic components are uncorrelated. Moreox&F; should affect contempora- 34
neously at least one coincident variable. Notice that the hypothesis of one facior,
does not mean that there is a unique source of aggregate fluctuations, but rathef%hat

different shocks have proportional dynamic effects on the variables. 37
For estimation, the model if#)—(6)is augmented by the identity 38

39

Ct—l = ACt—l + Ct—Z, (7) 40

and cast into state-space form. The Kalman filter can then be used to write down the fike-
lihood function, which is in turn maximized to obtain parameter and factor estimatess,
all the details are presented$tock and Watson (1991) 43
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A few additional comments are in order. First, the composite coincident index,
CClsw, is obtained through the Kalman filter as the minimum mean squared error in-
ear estimator of’; using information on the coincident variables up to periddence, 3
the procedure can be implemented in real time, conditional on the availability of data
on the coincident variables. By using the Kalman smoother rather than the filter, it is
possible to obtain end of period estimates of the state of the economg, jze Second, 6
it is possible to obtain a direct measure of the contribution of each coincident indica-
tor in x; to the index by computing the response of the latter to a unit impulse in the
former. Third, since data on some coincident indicator are published with delay, they
can be treated as missing observations and estimated within the state-space framework.
Moreover, the possibility of measurement error in the first releases of the coincident
indicators can also be taken into consideration by adding an error term to the measare-
ment equation. This is an important feature since data revisions are frequent and cah be
substantial, for example as testified by the revised US GDP growth rate data for 2001.
Fourth, a particular time varying pattern in the parameters of the lag polynoméls 15
and¢ (L) can be allowed by using a time-varying transition matrix. Fifth, standard es-
rors around the coincident index can be computed, even though they were not reparted
by SW. 18

The cyclical structure of CGly closely follows the NBER expansions and reces:o
sions, and the correlation of two quarters growth rates insaCGind real GDP was 20
about 0.86 over the period 1959-19&fock and Watson (199HIso compared their 21
CClsw with the DOC's one, finding that the overall relative importance of the singke
indicators is roughly similar (but the weights are different since the latter index is made
up of contemporaneous indicators only), the correlation of the levels of the composgite
indexes was close to 0.94, again over the period 1959-1987, and the coherence ofztheir
growth rates at business cycle frequency was even higher. 26

These findings provide support for the simple averaging methodology originatedrat
the NBER and then further developed at the DOC and the CB, but they also question
the practical usefulness of the SW's approach, which is substantially more complicated.
Overall, the SW methodology, and more generally model based index construction,
are worth their cost since they provide a proper statistical framework that, for exampie,
permits the computation of standard errors around the composite index, the unified treat-
ment of data revisions and missing observations, the possibility of using time-varyéag
parameters and, as we will see in more detail in the next section, a coherent framewsork
for the development of composite leading indexes. 35

A possible drawback of SW'’s procedure is that it requires an ex-ante classificationsof
variables into coincident and leading or lagging, even though this is common practice
in this literature, and it cannot be directly extended to analyze large datasets becsuse
of computational problems, see Secta for details.Forni et al. (2000, 2001, FHLR 3¢
henceforth)proposed an alternative factor based methodology that addresses botkois-
sues, and applied it to the derivation of a composite coincident indicator for the Eero
area. They analyzed a large set of macroeconomic time series for each countrg of
the Euro area using a dynamic factor model, and decomposed each time seriestinto
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a common and an idiosyncratic component, where the former is the part of the vari-
able explained by common Euro area shocks, the latter by variable specific shocks.2The
CClIrHLr is obtained as a weighted average of the common components of the intespo-
lated monthly GDP series for each country, where the weights are proportional to GDP,

and takes into account both within and across-countries cross correlations. 5
More specifically, the model FHLR adopted is 6

7

xir =b;(L)yvy+ & i=1...,N,t=1...,T, (8) .
wherex;, is a stationary univariate random variable,is ag x 1 vector of common o

shocks,x;; = x;; — &;; is the common component af,, andé&;; is its idiosyncratic 10
component. The shoadk is an orthonormal white noise process, so thafway =1, 1
cov(v;, v,—) = 0, and covj;, vs—x) = Oforanyj # s, t andk. &y = {£1r, ..., EnsY 12
is a wide sense stationary process, andggyvs; ) = 0 for anyj, s, r andk. b;(L) 13
is ag x 1 vector of square summable, bilateral filters, for an\Notice that SW's 14
factor model4) is obtained as a particular case 8f (vhen there is one common shockis
(g = 1), b;(L) = y;(L)/¢(L), and the idiosyncratic components are assumed to be
orthogonal. 17

Grouping the variables intoy; = {x1, ..., xy;}, FHLR also requiredy; (andyy;, 1s
&n; that are similarly defined) to have rational spectral density matrﬁgs,xx, and 1o

Efv, respectively. To achieve identification, they assumed that the first (largest) idio-

syncratic dynamic eigenvaluefﬂ, is uniformly bounded, and that the first (largesty*
g common dynamic eigenvaluesy,, ..., Ay, diverge whenv increases, where dy- *
namic eigenvalues are the eigenvalues of the spectral density matrix; seBriinger 2
(1981, Chapter 9)n words, the former condition limits the effects&f on other cross- 24
sectional units. The latter, instead, requive$o affect infinitely many units. %
Assuming that the number of common shocks is known, FHLR suggested to estim&te
the common component gf;, Xi;, as the projection af;; on past, present, and future 2
dynamic principal components of all variables, and proved that, under mild conditioffs,
Xi: is a consistent estimator gf, whenN andT diverge. Once the common compo-2°
nent is estimated, the idiosyncratic one is obtained simply as a residual, ngmely, 3°
Xit — XAit- 81
To determine the number of factoks, FHLR suggested to exploit two features of3?
the model: (a) the average over frequencies of theditgtnamic eigenvalues diverges, 33
while the average of they(+ 1)th does not; (b) there should be a big gap betweet
the variance ok, explained by the firsy dynamic principal components and that ex35
plained by theq + 1)th principal component. As an alternative, an information criterio#®
could be used, along the linesB&i and Ng (2002) 37
The methodology was further refined Bytissimo et al. (2001)and Forni et al. 38
(2003a)for real time implementation, and it is currently adopted to produce the CEPRYs
composite coincident indicator for the Euro area, Eurocoin \{gee.cepr.org. In par- 40
ticular, they exploited the large cross-sectional dimension for forecasting indicaters
available with delay and for filtering out high frequency dynamics. Alternative coirz
cident indexes for the Euro area following the SW methodology were proposed4by
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Proietti and Moauro (2004)while Carriero and Marcellino (20059ompared several 1
methodologies, finding that they yield very similar results.

2
3
5.2. Markov switching based CClI 4
5

The main criticisnSims (1989Yaised in his comment t8tock and Watson (198&the ¢

use of a constant parameter model (even though, as remarked above, their framework is
flexible enough to allow for parameter variation), and a similar critique can be addressed
to FHLR’s methodHamilton’s (1989Markov switching model is a powerful response®

to this criticism, since it allows the growth rate of the variables (and possibly thégr
dynamics) to depend on the status of the business cycle. A basic version of the m8del

can be written as 12
13

Axy = c5, + Ay, Axi—1 + uy, (9) 14

u; ~ i.i.d. N0, X), (100

16
where, as ir{4), x, includes the coincident variables under analysis (or a single compes-

ite index), whiles, measures the status of the business cycle, with 1 in recessions 5
ands; = 0 in expansions, and both the deterministic component and the dynamics gan
change over different business cycle phases. The binary state vayigbleot observ- 5
able, but the values of the coincident indicators provide information on it. 21
With respect to the factor model based analysis, there is again a single unobservyable
force underlying the evolution of the indicators but, first, it is discrete rather than cen-
tinuous and, second, it does not directly affect or summarize the variables but raher
indirectly determines their behavior that can change substantially over different phases
of the cycle. 26
To close the model and estimate its parameters, an equation describing the behgvior
of s, is required, and it cannot be of autoregressive forn{@ssinces; is a binary s
variable.Hamilton (1989)roposed to adopt the Markov switching (MS) model, whergy
30
Pris; = j | s—1 = i) = pij, (11) 31
as previously considered lyindgren (1978)and Neftci (1982)in simpler contexts. 32
For expositional purposes we stick to the two states hypothesis, though there is s6me
empirical evidence that three states can further improve the specification, represeiting
recession, high growth and normal growth; see, &ign,and Murray (2002jor the US 35
andArtis, Krolzig and Toro (2004jor the Euro area. 36
In our business cycle context, the quantity of special interest is an estimate of¥he
unobservable current status of the economy and, assuming a mean square erroféloss
function, the best estimator coincides with the conditional expectatieng¥en cur- 39

rent and past information on, which in turn is equivalent to the conditional probability4°
41

Pris; =01 x¢, x-1, ..., Xl)) 42
Sile <Pr(st =1 x,X-1,...,%x1) (12) 43
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Using simple probability rules, it follows that

Stlt =\ fxy =L 51 g0eeas) Prls =1 | 5y g.ars) | °
Ol x—1,..,x1)
where
1
Pr(st == l | Xt—1y .- 7-xl) = ijl Pr(sl—l = .] | Xt—1, ... 7-x1)5
j=0
f(xf |sl :iv xl—19"-1x1)
— = xl2

(Zn)T/2| |

x exp[—(Ax, — ¢; — Aj Ax—1) T HAx — ¢; — A; Axi-1)/2],
S se =i | x—1,...,x1)

S 150=0, xr—1,....,x1) Pris;=0] x;_1,...,x1)
fOo 1 x—1,0m0x1)

=f(x¢ | se =1, xp—1,...,x0)Pr(s; =i | xi—1,...,x1),

1
SOl Xt x) =Y fGs=j|x-1.....x1), i=01
Jj=0

M. Marcellino

(13)

(14)
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Hamilton (1994)or Krolzig (1997)provide additional details on these computationsz
and formulae to calculatg,r, i.e., the smoothed estimator of the probability of bein

in a given status in period Notice also that the first and last rows (@#4) provide,

respectively, the probability of the state and the density of the variables conditionazé)n
past information only, that will be used in Secti6rBin a related context for forecast- ””

ing.

For comparison and since it is rather common in empirical applications [see, ei.?g.,
Niemira and Klein (1994jor the US andArtis et al. (1995)for the UK], it is useful
to reportNeftci's (1982)formula to compute the (posterior) probability of a turnin

point given the available data, as refined Diebold and Rudebusch (198%efin-

ing

Ht:PI‘(S, :1|Xt,...,xl),

the formula is

Az
B1+C1’
Ar= (-1 + por(—IT—0) f (x| st =1, -1, ..., x1),
By = (Mi—1+ poa(L— ;1)) f (x| s =1, X1, ..., x1),
C1=@A—-1-1)A— pod) f(xt | st =0, x—1, ..., x1).

Ht:

(15)

(16)



© 0 N o g »h W N P

A OB BB WOWWW W W WWWWN DN NDNNNDNDNDNDN R R P RP RBP PR R
W N PO © © N O 0o b WN P O © 0 N O g b WOWN PP O © 0 N o o b W N B O

Ch. 16: Leading Indicators 899

The corresponding second elementgfin (13) can be written as
A
m=—"2_
By +C>

Az = (ITy—1 — Mi—1por+ por( — IT;—1)) f(x: | s¢ = 1, xi—1, ..., x1), (17)
By = (M;—1 — MM;—1po1 + poa(L— IT,—1)) f (x| s = 1, xi—1, ..., x1),
C2=(A—M;-1)(A = pov) + Mi—1por) f (x| st =0, x4—1, ..., x1).

Since in practice the probability of transition from expansion to recesgien, is
very small [e.g.,Diebold and Rudebusch (1988gt it at 0.02], the ternil;_1po1
is also very small and the two probabilities {@6) and (17)are very close. Yet, 11
in general it is preferable to use the expression(lii) which is based on a more 12
general model. Notice also that whed®, = 1 the formula in(16) gives a con- 13
stant value of 1 [e.g.Diebold and Rudebusch (198put an ad hoc upper bound 14
of 0.95 for the value that enters the recursive formula], while this does not happgn
with (17). 16
The model in(9)—-(11)can be extended in several dimensions, for example, to allow
for more states and cointegration among the variables [see Keajzig, Marcellino 18
and Mizon (200Z)or time-varying probabilities as, e.g., Biebold, Lee and Weinbach 19
(1994)or Filardo (1994) The latter case is of special interest in our context when past
values of the leading indicators, are the driving forces of the probabilities, as inet

© 00 N o g b~ W N P

[y
o

Filardo (1994) who substituted11) with 22
23
. . expdy:—1)
Pr(s; = = Jy Xy ey X1y Vieds e e == 18) 2
(sr =i |s—1=17J, x—1 X1, Yr-1 y1) 1+ expBy;_1) (18) .
so that the first row of14) should be modified into 26
, exp(oy;—1) , 2!
Pris; =i | x;—1,...,x1) = L Pris;—1=j | x/—1,...,x1) 28

1+ exp@y:-1) ”o

+ —Pr(s;—1 =1 | x4—1,...,x1). (19 30

11 exp@ 1) (Sr—1=1]x-1 1). (19) -

Another example is provided Wyilardo and Gordon (1998who used a probit model 32
rather than alogistic specificationfor®r=1i | s;—1 = j, /-1, ..., X1, Yr—1,..., Y1), 33

while Ravn and Sola (1999arned against possible parameter instability of relatiors4
ships such a¢18). Raj (2002)provides a more detailed review of these and othes
extensions of the MS model. 36
Factor models and Markov switching specifications capture two complementary and
fundamental features of business cycles, namely, the diffusion of slow-down and regev-
ery across many series and the different behavior of several indicators in expansionssand
recessions. They are not only flexible and powerful statistical tools but can also be given
sound justifications from an economic theory point of view; see, e.g., the overviewtin
Diebold and Rudebusch (1998}he latter article represents also one of the earliest at
tempts to combine the two approaches, by allowing the factor underlying SW’s mosel
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to evolve according to a Markov switching model. To provide support for their ideas,
they fitted univariate and multivariate MS models to, respectively, the DOC’s composite
coincident indicator and its components, finding substantial evidence in favor of the MS
specifications. Yet, they did not jointly estimate the factor MS model. Such a task was
tackled byChauvet (1998andKim and Yoo (1995)using an approximated maximums
likelihood procedure developed B¢$im (1994) and byKim and Nelson (1998and s
Filardo and Gordon (1999)sing Gibbs sampler techniques introducedMliyert and 7

Chib (1993a)Carter and Kohn (1994andShepard (1994) 8
In particular,Kim and Nelson (19983ubstituted Equatio(6) in SW’s model with 9
10

O (LYAC — s, —8) = vy, (20) 1

Ws, = Mo+ (1S, 12

where the transition probabilities are either constant or follow a probit specificatioh.
They compared the (posterior) regime probabilities from the factor MS model estimatéd
with the four SW’s components with those from a univariate MS model for IP, conclu@-
ing that the former are much more closely related with the NBER expansion/recessfon
classification. Yet, such a result is not surprising sifitardo (1994)showed that time- *’
varying probabilities are needed for the univariate MS model to provide a close mafth
with the NBER classification. When the original SW’'s model is estimated using the
Gibbs sampling approach, the posterior distributions of the parameters are very cibse
to those obtained usin@0) instead of(6), the main difference being a slightly larger
persistence of the estimated factitardo and Gordon (1999jocusing on the 1990 re- 22
cession, also found a similar performance of the standard and MS factor model, whi® a
multivariate MS model with time-varying probabilities performed best during the recés-
sionary part of 1990 (but not significantly better in the remaining months). Fikafty, 2°
and Nelson (19983lso found a close similarity of their composite coincident indicatc
and the equal weighted DOC'’s one, with correlation in the growth rates above 0.982"

Finally, notice that if the probability of the states is time varying, e.g., 48y and 28
the indicators iny; include a measure of the length of the current recession (or expéh-
sion), it is possible to allow and test for duration dependence, namely, for whether¥he
current or past length of a business cycle phase influences its future duration. The tést is
based on the statistical significance of the parameter associated with the duration #di-
cator in an equation such é88). Earlier studies using nonparametric techniques, suéh
asDiebold and Rudebusch (1996) Diebold, Rudebusch and Sichel (1998gtected 34
positive duration dependence for recessions but not for expansions. Such a finding3was
basically confirmed bypurland and McCurdy (1994)sing a semi-Markov model with 36
duration depending only on calendar time,Fijardo and Gordon (1998h a univari- 37
ate Markov switching framework that also relates duration to macroeconomic variabtes,
and byKim and Nelson (1998 their multivariate factor MS model. Therefore, anothep?
interesting question to be addressed in Sectasd 8is whether leading indicators 40
can be used to predict the duration of a business cycle phase. 41

In summary, no clear cut ranking of the multivariate model based approaches to @ClI
construction emerges, but the resulting indexes are in general very similar and clese
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to the equal weighted ones, as we will see in the examples of Settibme positive 1
aspect of this result is that estimation of the current economic condition is rather rolust
to the choice of method. Another implication is that pooling methods can be expected
to yield no major improvements because of high correlation of all the indicators; see,
e.g.,Carriero and Marcellino (2005put this is an issue that certainly deserves further

investigation. 6
7

8
6. Construction of model based composite leading indexes o

10
Leading indicators are hardly of any use without a rule to transform them into a fote-
cast for the target variable. These rules range from simple nonparametric proceddres
that monitor the evolution of the leading indicator and transform it into a recession Sigy-
nal, e.g., the three-consecutive-declines in thegglrlle [e.g.,Vaccara and Zarnowitz 4
(1978}, to sophisticated nonlinear models for the joint evolution of the leading indic&-
tors and the target variable, which can be used to predict growth rates, turning poffts,
and expected duration of a certain business cycle phase. In this section we discuss the
methods that are directly related to those reviewed in the previous section in the é&n-
text of CCls. In particular, Sectiof.1 deals with linear models, Secti@i2with factor 1°
based models, and Secti6ér8 with Markov switching models. Examples are provided®
in the next section, while other approaches are considered in S&diiow. 2

22

6.1. VAR based CLI z
24
A linear VAR provides the simplest model based framework to understand the relatitn-
ship between coincident and leading indicators, the construction of regression bd$ed
composite leading indexes, the role of the latter in forecasting, and the consequenc#s of
invalid restrictions or unaccounted cointegration. 28
Let us group then coincident indicators in the vecter, and the: leading indicators %
in y,. For the moment, we assume tliat, y;) is weakly stationary and its evolution is 3

described by the VARL): 31
32

Xt _ [Cx A B Xr—1 €yt 3
<y’> B <CY) " <C D) (yfl) - (eyt> ’ 34
ext\ i 0 DINNEND I 35
(eyt) i ((0> ’ (E)W Eyy)) 1) s

It immediately follows that the expected valuex@f ; conditional on the past is 38

0

EQqa | X Xe—15 - o5 Yoy Y1, ...) = ¢x + Axs + By, (22)

so that fory to be a useful set of leading indicators it must®e# 0. WhenA # 0, 4
lagged values of the coincident variables also contain useful information for forecastig.
Both hypotheses are easily testable and, in case #oth0 andB = 0 are rejected, 43
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1 acomposite regression based leading indicatox for (considered as a vector) can bet

2 constructed as 2

3 A —~ 3

4 CLIlt = éx + Ax, + B)’t, (23) 4

5 where thé indicates the OLS estimator. Standard errors around this CLI can be cbn-

6  structed using standard methods for VAR forecasts; see Léiggepohl (2006) More-  ©

7 over, recursive estimation of the model provides a convenient tool for continuous Up—

8  dating of the weights.

9 A similar procedure can be followed when the target variable is dated rather °
10 thant. For example, wheh = 2, 10
11 11
12 CL”—fl:Z = Cx + AXi1) + BYryan 12
13 =&+ A(éy + Ax + By,) + B(éy + Cx, + Dy,). (24) 13
14 14
15 Asan alternative, the model {21) can be rewritten as 15
16 Xt Cy A E Xt—h ext 10

=)+~ = + (- , 25
s ()-@) @ 300 E @
18 18
1o Where & indicates that the new parameters are a combination of tha@d )rande,,
. ande,; are correlated of ordér — 1. Specifically, 20
21 - h—1 21
Cx\ A B A B Cy
s (@)=l B) 2 5) ) ) :
23 d ; 23
24 A B A BY\" 24
. (@8- 5) e
20 ; A B A B\"?! *
€xt €xt
27 )% = [+< >+...+( > >< ) 27
28 (eyt> ( C D C D eyt 28
29 The specification iff25) can be estimated by OLS, and the resulting CLI written as 29
30 30

w
s

——nh A 2 =
CLI1, =&, + Ax, + By,. @7) =u

The main disadvantage of this latter method, often called dynamic estimation, is fRat
a different model has to be specified for each forecast hotizadn the other hand, *
no model is required for the leading indicators, and the estimators of the parameters
in (25) can be more robust than those(f1) in the presence of mis-specification; see®
e.g.,Clements and Hendry (199&)r a theoretical discussion adarcellino, Stock %
and Watson (2005fr an extensive empirical analysis of the two competing method$
(showing that dynamic estimation is on average slightly worse than the iterated metffod
for forecasting US macroeconomic time series). For the sake of simplicity, in the resi
the paper we will focus oh = 1 whenever possible.

Consider now the case where the target variable is a composite coincident indica‘ibr,
42

43 CCl; = wx;, (28) 43

AOBA BA WOW W W W W W W
N P O © © N O g b W N
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wherew is a 1x m vector of weights as in Sectioh To construct a model based CLI 1
for the CCl in(28) two routes are available. First, and more common, we could mocel
CCl, andy; with a finite order VAR, say 3

4
CCl\ _ (dca e(L) F(L)) (CCl_1 ucer
( e >_<dy >+<g(L) H(L))< V-1 >+<uyt )’ (29) Z

whereL is the lag operator and the error process is white noise. Repeating the previ’ous

procedure, the composite leading index/ioe 1 is
9

CLI2; = dcci + é(L)CCl, + F(L)y;. (30) 10

Yet, in this case the VAR is only an approximation for the generating mechanism'bf
(wx;, y), since in general the latter should have an infinite number of lags or an M?A
component.

The alternative route is to stick to the model(21), and construct the CLI as 14

15

CLI3; = wCLI1,, (31) 1

namely, aggregate the composite leading indicators for each of the components oﬂthe
CCl, using the same weights as in the Cltkepohl (1987)howed in a related con-
text that in general aggregating the forecasts (CLI3) is preferable than forecasting,the
aggregate (CLI2) when the variables are generated by the mo@@1)jnwhile this is
not necessarily the case if the mode(21) is also an approximation and/or thevari-
ables are subject to measurement error; seeladldepohl (2006) Stock and Watson
(1992)overall found little difference in the performance of CLI2 and CLI3.

Both CLI2 and CLI3 are directly linked to the target variable, incorporate d|str|but
lags of both the coincident and the leading variables (depending on the lag length, of
the VAR), the weights can be easily periodically updated using recursive estimatjon
of the model, and standard errors around the point forecasts (or the whole distribugion
under a distributional assumption for the error process in the VAR) are readily available.
Therefore, this simple linear model based procedure already addresses several gf the
main criticisms to the nonmodel based composite index construction, see Section

In this context the dangers of using a simple average of treiables as a composite ,
leading index are also immediately evident, since the resulting index can provide,an
inefficient forecast of the CClI unless specific restrictions on the VAR coefficie(@4)n
are satisfied. In particular, indicating llya 1 x n vector with elements equal tg/#,
the equal weight composite leading index

21

23

34
35
36

CLIEW[ = in}’t (32) 87

38

is optimal and coincides with CLI3 if and only if 39
wey =0, wA=0, wB =i, @3

which imposes H m + n restrictions on the parameters of theequations in(21). 42
In higher order VARSs, the product of the weightsand the coefficients of longer lags 43
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of x andy in the x equations should also be equal to zero. Notice that these arezall
testable assumptions as longiast n is small enough with respect to the sample size
to leave sufficient degrees of freedom for the VAR parameter estimation. For example,
in the case of the Conference Boarnd+ n = 14 and monthly data are available for4
about 45 years for a total of more than 500 observatiéngrbach (1982jound that 5
a regression based CLI in sample performed better than the equal weightggl foL.1 6
industrial production and the unemployment rate, but not out of sample. 7

If the restrictions in(33) are not satisfied but it is desired to use in any case-@LI 8
(or more generally a given CLI) to forecast the CCl, it can be possible to improve upon
its performance by constructing a VAR for the two composite indexes CCIl anglcLI 10

(th’ in)’t)y say 1
12
CCl, feal e(L) f(L)\({ CCl veek )
= ; 34) B3
(CLIEW,) (fCLIEW> * (g(L) h(L)) (CLIEWt_l> i (vcuEWt SO
and construct the new composite index as 15
16
CLI4; = fcci+ e(L)CCl; + f(L)CLIgw;. (35) 17

This is for example the methodology adoptedkmeh and Rasche (1988yho analyzed
a VAR for IP, as a coincident indicator, and the equal weighted DOC leading ind&k.
Since CLI4 has a dynamic structure and also exploits past information in the CCI, it &an
be expected to improve upon Gly. Moreover, since the VAR ii§34) is much more
parsimonious than botf21) and (29) CLI4 could perform in practice even better than™
the other composite indexes, in particular in small samples. 2

A point that has not gained attention in the literature but can be of importance is the
specification of the equations for the (single or composite) leading indicators. Actuazﬁ’y,
in all the models we have considered so far, the leading variables depend on Iagzg of
the coincident ones, which can be an unreliable assumption from an economic pzdint
of view. For example, the interest rate spread depends on future expected short t&rm-
interest rates and the stock market index on future expected profits and dividends, and
these expectations are positively and highly correlated with the future expected ovéfall
economic conditions. Therefore, the leading variables could depend on future expegtlted

coincident variables rather than on their lags. For example, the equatiopsifothe %
model for(x;, y;) in (21) could be better specified as :i
Yt =Cy + Cxte+1|t_1 + Dyt—l + €yt, (36) 35

wherex/, ;,_, indicates the expectation ef ;1 conditional on information available in
periods — 1. Combining these equations with thosefpim (21), it is possible to obtain
a closed form expression f®f+1\t—1’ which is

{31 = — BC) Y(cy + Acy + Bey + A%x_1+ (AB + BD)y,_1).  (37)

Therefore, a VAR specification such as tha{2d) can also be considered as a reduceek
form of a more general model where the leading variables depend on expected future
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coincident variables. A related issue is whether the coincident variablexuld also 1
depend on their future expected values, as it often results in new-Keynesian models;
see, e.g.Walsh (2003) Yet, the empirical evidence iRuhrer and Rudebusch (2004)s
provides little support for this hypothesis. 4
Another assumption we have maintained so far is that both the coincident andsthe
leading variables are weakly stationary, while in practice it is likely that the behavior
of most of these variables is closer to that of integrated process. Foll&inmg Stock 7
and Watson (1990}his is not problematic for consistent estimation of the parameters
of VARs in levels such ag1), and therefore for the construction of the related CLIs
even though inference is complicated and, for example, hypotheses on the paramsters
such as those i(33) could not be tested using standard asymptotic distributions. An
additional complication is that in this literature, when the indicators are 1(1), the VAR
models are typically specified in first differences rather than in levels, without prior
testing for cointegration. Continuing the VAR(1) example, the adopted model wouldibe
15

Ax; Cx ext
_ , 38
(AYI> (Cy> * (eyt> (38) 13

rather than possibly 18

() =)~ (5 2)-( 2) )+ () "

21

_(Cx\ _ X1 €yt ”
N <cy> op <y,_1)+<ey,)’ CONS

whereg is the matrix of cointegrating coefficients andcontains the loadings of the 24
error correction terms. As usual, omission of relevant variables yields biased estitha-
tors of the parameters of the included regressors, which can translate into biasedand
inefficient composite leading indicators. Semerson and Hendry (1998)r additional 27
details and generalizations and, e@ements and Hendry (1998)r the consequences 28
of omitting cointegrating relations when forecasting. As longmas n is small enough 20
with respect to the sample size, the number and composition of the cointegrating veétors
can be readily tested [see, e.gpohansen (1988pr tests within the VAR framework], 31
and the specification i(89) used as a basis to construct model based CLlIs that also take
cointegration into proper accoutdamilton and Perez-Quiros (1998)und cointegra- 32
tion to be important for improving the forecasting performance of theogtl! 34
Up to now we have implicitly assumed, as it is common in most of the literature ttsat
analyzes CCls and CLlIs within linear models, that the goal of the composite leadinggin-
dex is forecasting a continuous variable, the CCI. Yet, leading indicators were originatly
developed for forecasting business cycle turning points. Simulation based methods€an
be used to derive forecasts of a binary recession/expansion indicator, and these irsturn
can be exploited to forecast the probability that a recession will take place within, orat,
a certain horizon. 41
Let us consider the model {29) and assume that the parameters are known and tie
errors are normally distributed. Then, drawing random numbers from the joint distrilel-
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tion of the errors for period+1, ... ., t +n and solving the model forward, it is possible
to get a set of simulated values for (GG, Ay;+1), ..., (CClity, Ayi4n). Repeating 2
the exercise many times, a histogram of the realizations provides an approximatiors for
the conditional distribution of (CGL1, Ay+1), ..., (CCliyy,, Ay:1s) given the past. 4
Given this distribution and a rule to transform the continuous variable CCl into a binary
recession indicator, e.g., the three months negative growth rule, the probability that a
given future observation can be classified as a recession is computed as the fraction of
the relevant simulated future values of the CCI that satisfy the rule. 8

A related problem that could be addressed within this framework is forecasting ¢he
beginning of the next recession, which is given by the time index of the first observa-
tion that falls into a recessionary pattern. Assuming that in peritb& economy is in 11
expansion, the probability of a recession afjgoeriods, i.e., irr + ¢, is equal to the 12
probability that CCl, 4, ..., CCl,,_1 belong to an expansionary pattern while ¢Gl 13
to a recessionary one. 14

The procedure can be easily extended to allow for parameter uncertainty by dresw-
ing parameter values from the distribution of the estimators rather than treating them
as fixed. Normality of the errors is also not strictly required since resampling canibe
used; see, e.gWecker (1979)Kling (1987), andFair (1993)for additional details and 1s
examples. 19

Bayesian techniques are also available for forecasting turning points in linear mod-
els, see, e.gGeweke and Whiteman (2006h particular,Zellner and Hong (1991) 21
and Zellner, Hong and Gulati (19903ddressed the problem in a decision-theoretie
framework, using fixed parameter AR models with leading indicators as exogenousse-

gressors. In our notation, the model can be written as 24
/ .- 2 25

x =z +u;, u ~iid. N(O, o ), (40) 0%
wherez, = (x;_1, yr—1), X; IS a univariate coincident variable or index,is the 1x n 27
vector of leading indicators, amlis ak x 1 parameter vector, with=n + 1. 28

Zellner, Hong and Gulati (199@ndZellner, Hong and Min (1991)sed annual data 29
and declared a downturn (DT) in ye@r+ 1 if the annual growth rate observationsso

satisfy 31
32
XT-2,XT—1 < XT > XT+1, 41)
while no downturn (NDT) happens if 34
35
XT-2,X7-1 < X7 < XT41. (42) 4
Similar definitions were proposed for upturns and no upturns. 37
The probability of a DT inl" + 1, ppT, can be calculated as 38
39

Xxr
poT = / p(xr41 | A1, Dr) dxr 41, (43) 0
—00 41

whereA; indicates the conditioixy_2, xr—1 < x7), Dy denotes the past sample and2
prior information as of period’, and p is the predictive probability density function 43
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(pdf) defined as 1
2

p(xr41 | Dr) = / f(xr4116,Dr)m(0 | Dr)db, (44) s

0 4

wheref(xr+1 | 6, Dr) is the pdf forxy 41 given the parameter vectér= (8, 6% and 5

Dy, while (0 | D) is the posterior pdf foé obtained by Bayes’ Theorem. 6
The predictive pdf is constructed as follows. First, natural conjugate prior distribu-
tions are assumed fg# ando, namely,p(8 | o) ~ N(0,02%I x 10°) andp(o) ~ 8
IG(voso), where IG stands for inverted gamma ardandsg are very small numbers; 9
see, e.g.Canova (2004, Chapter 9r details. Second, at = 0, the predictive pdf 10
p(x1 | Do) is a Student; namely,t,, = (x1 — z’l,éo)/soao has a univariate Student- 11
density withvo degrees of freedom, whetg = 1+ z3z110f andfp = 0. Third, the 2
posterior pdfs obtained period by period using the Bayes’ Theorem are used to compute
the period by period predictive pdfs. In particular, the predictive pdfifor; is again

Studentt and 5
16
tyr = (xT+l - Z/T+]_/3T)/STQT (45) 1
has a univariate Studenpdf with v degrees of freedom, where 18
19

A A -1 A _
Br = Broa+ (Zr_1Zr-1) zr(xr — ZpBr-1) J[1+ 20 (Zp Z7) 2r ], 20
-1 21
a% =1+ Z/T+1(Z/TZT) T+1 22
vr =vr_1+ 1, 23

A 2 A A A A

vrss = vr_1s7—1 + (x7 — 20 Br)" + (Br — ,BT—l)/Z/T_]_ZT—l(ﬁT — Br-1), z:
andZ; = (zr,2r-1, ..., 21). Therefore, 26
A 27
Pr(xr41 < x7 | Dr) = Pr(ty, < (xr — 2p41Br) /srar | Dr), -
which can be analytically evaluated using the Studedistribution withvy degrees of 29
freedom. 30

Finally, if the loss function is symmetric (i.e., the loss from wrongly predicting ND¥t
in the case of DT is the same as predicting DT in the case of NDT), then a DT3ds
predicted in period” + 1 if ppr > 0.5. Otherwise, the cut-off value depends on thes3
loss structure, see also Secti®3. 34

While the analysis irZellner, Hong and Gulati (1990% univariate, the theory for 35
Bayesian VARs is also well developed, starting witban, Litterman and Sims (1984) 36
A recent model in this class was developed4ha (1998)for the Atlanta FED, and 37
its performance in turning point forecasting is evaluatedigy Negro (2001)In this 38
case the turning point probabilities are computed by simulations from the predictive
pdf rather than analytically, in line with the procedure illustrated above in the classi#al
context. 41

To conclude, a common problem of VAR models is their extensive parameteriza-
tion, which prevents the analysis of large data setsova and Ciccarelli (2001, 2003) 43
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proposed Bayesian techniques that partly overcome this problem, extending previous
analysis by, e.gZellner, Hong and Min (1991 )and providing applications to turning 2
point forecasting; se€anova (2004, Chapter 1®r an overview. As an alternative, 3
factor models can be employed, as we discuss in the next subsection. 4
5
6.2. Factor based CLI 6
7
The idea underlyingtock and Watson'’s (1989, SWjethodology for the construction s
of a CCl, namely that a single common force drives the evolution of several variabkes,
can also be exploited to construct a CLI. In particular, if the single leading indicatass
are also driven by the (leads of the) same common force, then a linear combination of
their present and past values can contain useful information for predicting the CCI. 12
To formalize the intuition above, following SW, Equati{®) in Section5.1is substi- 13

tuted with 14
15

AC; =8¢ +Acc(L) ACi—1+ Acy(L) Ay;—1 + ver. (46)
and, to close the model, equations for the leading indicators are also added 17
18

Ayt = 5y + )\yC (L) ACt—l + Ayy (L) Ayt—l + Uyt, (47) 19
wherev.; andv,, are i.i.d. and uncorrelated with the errorg%). 20

The model in(4), (5), (46), (47)an be cast into state space form and estimated by
maximum likelihood through the Kalman filter. SW adopted a simpler two-step proce-
dure, where in the first step the modé)—(6) is estimated, and in the second step thes
parameters of46), (47)are obtained conditional on those in the first step. This proce+
dure is robust to mis-specification of Equatiqds$), (47) in particular the estimated 25
CCI coincides with that in SectioB.1, but it can be inefficient when either the wholezs
model is correctly specified or, at least, the lags of the leading variables contain helpful
information for estimating the current status of the economy. Notice also that the “fore-
casting” systen46), (47)is very similar to that in29), the main difference being that 29
hereC; is unobservable and therefore substituted with the estimate obtained in the first
step of the procedure, which is Gég|. Another minor difference is that SW constraineck:
the polynomials.,c (L) and Ay, (L) to eliminate higher order lags, while-c(L) and 32
Acy(L) are left unrestricted; see SW for the details on the lag length determination 3

The SW composite leading index is constructed as 34
35

Cllsw = Ct+6|t - Ct\t’ (48) 36
namely, it is a forecast of the 6-month growth rate in the §y;Where the value in+6 37
is forecasted and that inis estimated. This is rather different from the NBER tradition3s
represented nowadays by the @glthat, as mentioned, aims at leading turning points?
in the level of the CCI. Following the discussion in Sect®focusing on growth rather 40
than on levels can be more interesting in periods of prolonged expansions. 41

A few additional comments are in order about SW's procedure. First, the leading4n-
dicators should depend on expected future values of the coincident index rather than
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on its lags, so that a better specification 4r) is along the lines of36). Yet, we have 1
seen that in the reduced form(@®6) the leading indicators depend on their own lags and
on those of the coincident variables, and a similar comment holds in this case. Second,
the issue of parameter constancy is perhaps even more relevant in this enlarged nodel,
and in particular for forecasting. Actually, in a subsequent (1997) revision of the proee-
dure, SW made the deterministic componen(4sf), ¢, time varying; in particular, it &
evolves according to a random walk. Third, dynamic estimation of Equéti®would 7
avoid the need of47). This would be particularly convenient in this framework where
the dimension of, is rather large, and a single forecast horizon is considéred 6. ¢
Fourth, rather than directly forecasting the G the components of; could be fore- 10
casted and then aggregated into the composite index using the in sample weights, along
the lines of(31). Fifth, while SW formally tested for lack of cointegration among the2
components of;, they did not do it among the elementsyof and of(x;, y;), namely, 13
there could be omitted cointegrating relationships either among the leading indicators,
or among them and the coincident indicators. Finally, the hypothesis of a single faator
driving both the coincident and the leading indicators should be formally tested. 16
Otrok and Whiteman (199&)erived a Bayesian version of SW’s CCl and CLI. As im7
the classical context, the main complication is the nonobservability of the latent facter.
To address this issue, a step-wise procedure is adopted where the posterior distribution
of all unknown parameters of the model is determined conditional on the latent factor,
then the conditional distribution of the latent factor conditional on the data and the
other parameters is derived, the joint posterior distribution for the parameters anckthe
factor is sampled using a Markov Chain Monte Carlo procedure using the conditional
distributions in the first two steps, and a similar route is followed to obtain the marginal
predictive pdf of the factor, which is used in the construction of the leading indicate;
seeOtrok and Whiteman (1998Kim and Nelson (1998)Filardo and Gordon (1999) 26
for details andCanova (2004, Chapter 1fgr an overview. 27
The SW’s methodology could also be extended to exploit recent developments inzthe
dynamic factor model literature. In particular, a factor model for all the potential leadieg
indicators could be considered, and the estimated factors used to forecast the coincident
index or its components. Let us sketch the steps of this approach, more details can be

found inStock and Watson (2006) 32
The model for the leading indicators (#7) can be replaced by 33
34

Ay = Afr + &, (49)

where the dimension aky, can be very large, possibly larger than the number of olss
servations (so that no sequential indicator selection procedure is negdisdnr x 1 37
vector of common factors (so that more than one factor can drive the indicators), &nd
& is a vector containing the idiosyncratic component of each leading indicator. Pae-
cise moment conditions ofy andé&,, and requirements on the loadings matfixare 40
given in Stock and Watson (2002a, 2002bJotice thatf; could contain contempora- 41
neous and lagged values of factors, so that the model is truly dynamic even thoughzhe
representation i49) s static. 43



© 0 N oo g b~ W N P

A B BB WOWWW W W W W WWN DN NDNNNDNDNDNDN R R P RP RBP PR R R
W N P O © 0 N O 0o b WN PP O © © N O g b~ WOWN P O © 0 N o o b W N B O

910 M. Marcellino

Though the model i1{49) is a simple extension of that for the construction of SW’'s
composite coincident index if#), its estimation is complicated by the possibly verye
large number of parameters, that makes maximum likelihood computationally not fea-
sible. ThereforeStock and Watson (2002a, 2002t8fined the factor estimatorg, as 4

the minimizers of the objective function 5

1 G ;

Var(f, ) = =3 % (vis = Ai fi)?, (50)
i=11t=1

9

It turns out that the optimal estimators of the factors arertk&igenvectors corre- g
spondlng to ther largest eigenvalues of th& x T matrix n_lz -1, y where 3
= (¥i1, ..., yir), and these estimators converge in probability to the space spanpged
by the true factorsf;. SeeBai (2003)for additional inferential resultBai and Ng 13
(2002) for results related to the choice of the number of facterBoivin and Ng 14
(2003) for issues related to the choice of the size of the dataset (i.e., the humbersof
leading indicators in our case), akdpetanios and Marcellino (2008)r an alternative 35
(parametric) estimation procedure. 17
The factors driving the leading indicators, possibly coinciding with (leads of) thoge
driving the coincident indicators, can be related to the coincident composite index;py
replacing Equatioii46) with 20

AC; =8¢ +Acc(L) ACi—1 + )\Cy(L)ft—l + Vet (51)

Another important result proved [8tock and Watson (2002a, 20026}hat the factors 23
in the equation above can be substituted by their estimated counterpamsthout 24
(asymptotically) modifying the mean square forecast error; seeBalsand Ng (2003) 25
for additional results. 26

A forecasting procedure based on the us&18) and (51,) produced good results for 27
the components of the C&j, Stock and Watson (2002a, 2002byt also for predict- 28
ing macroeconomic variables for the Euro area, the UK, and the Accession countres,
see, respectivelyylarcellino, Stock and Watson (20Q3rtis, Banerjee and Marcellino 30
(2005) andBanerjee, Marcellino and Masten (200%gt, in these studies the set of31
indicators for factor extraction was not restricted to those with leading properties, and
the target variable was not the composite coincident inGamba-Mendez et al. (2001) 33
used only leading indicators on the largest European countries for factor extraction {es-
timating iteratively the factor model cast in state-space form), and confirmed the geod
forecasting performance of the estimated factors when inserted in a VAR for predicting
GDP growth. 37

The alternative factor based approach by FHLR described in Sextiaan also be 38
used to construct a CLI. The leading variables are endogenously determined usingethe
phase delay of their common components with respect t¢GRI(the weighted aver- 40
age of the common components of interpolated monthly GDP for Euro area countri&s).
An equal weight average of the resulting leading variables is thegkl Future values 42
of the CCExLR are predicted with a VAR for C@hLRr, CLIFHLR. Further refinements 43
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of the methodology are presentedorni et al. (2003a)with applications ifFornietal. 1
(2003b) 2

All the factor based methods we have considered up to now focus on predicting con-
tinuous variables. Therefore, as in the case of linear models, we now discuss how to
forecast discrete variables related to business cycle dynamics. In particular, we review
the final important contribution of SW, further refined $tock and Watson (1992) s
namely, the construction of a pattern recognition algorithm for the identification of re-
cessions, and the related approach for computing recession probabilities. 8

As mentioned in SectioB, a recession is broadly defined by the three Ds: duration,
a recession should be long enough; depth, there should be a substantial slowdown in
economic activity; and diffusion, such a slowdown should be common to most sectors
of the economy. Diffusion requires several series or a composite index to be monitored,
and SW were in favor of the latter option, using their CCI (which, we recall, in the
cumulated estimate ok C, in Equation(4)). Moreover, SW required a recession to be4
characterized byAC; falling below a certain boundary valug,, (depth), for either 15
(a) six consecutive months or (b) nine months with no more than one increase during
the middle seven months (duration), where (b) is the same as requitihdgo follow 17
for seven of nine consecutive months including the first and the last month. Expansiens
were treated symmetrically, with,, being the counterpart @f.;, and bothb,, andb,;, 19
were treated as i.i.d. normal random variables. 20

A particular month is classified as a recession if it falls in a recessionary patterreias
defined above. In particular, suppose that it has to be decided whether n@itmgs 22
to a recessionary pattern. Because of the definition of a recessionary pattern, the loagest
span of time to be considered is givenbY;_g, ..., AC;—1 andACyy1, ..., ACiyg. 24
For example, it could be thatC; is below the threshold,; and alsoAAC,—; < b,,—; for 25
i =1,...,5;in this case the sequeng&’; s, ..., AC, is sufficient to classify period 26
t as a recession. But it could be thatC,_; > b,,_; fori = 1,...,8, AC; < b, 27
ACiy1 > bpy1, andACyy; < by fori = 2,...,8, which requires to consider 28
the whole sequence of 17 periods”;_g, ..., AC;, ..., AC,;1g to correctly classify 29
period: as a recession. Notice also that the sequenca &rhas to be compared with 30
the corresponding sequence of threshalds,s, ..., by, ..., bri1s. 31

The binary recession indicatak,, takes the value 1 ik C, belongs to a recessionary 32
pattern, and O otherwise. The expansion indicator is defined symmetrically, but is atso
worth noting that the definition of recession is such that there can be observations*hat
are classified neither as recessions nor as expansions. Also, there is no role for durztion
dependence or correlation, in the sense that the probability of recession is indeperident
of the length of the current expansion or recession, and of past valugs of 37

The evaluation of the probability of recession in perio¢t 4 conditional on infor- 38
mation on the present and past of the CCl and of the leading indicators (and on thesfact
thatt + i belongs either to an expansionary or to a recessionary pattern), requiresithe
integration of a 34-dimensional distribution, where 17 dimensions are due to the evadu-
ation of an (estimated and forecasted) sequencafgrthat spans 17 periods, and thes2
remaining ones from integration with respect to the distribution of the threshold pata-
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meters.Stock and Watson (1992)escribed in details a simulation based procedure to
perform numerically the integration, and reported results for their composite recesgion
indicator, CRgyw, that evaluates in real time the probability that the economy will be in
a recession 6-months ahead. 4

Though a rule that transforms the GRlinto a binary variable is not defined, highs
values of the CRJy should be associated with realizations of recessions. Using the
NBER dating as a benchmark, SW found the in-sample performance of the CRI quite
satisfactory, as well as that of the CLI. Yet, out of sample, in the recessions of 1990 and
2001, both indicators failed to provide strong early warnings, an issue that is considered
in more detail in Sectiod0.3 10

To conclude, it is worth pointing out that the procedure underlying SW’'s CRI is not
specific to their model. Given the definition of a recessionary pattern, any model tiat
relates a CCI to a set of leading indicators or to a CLI can be used to computeithe
probability of recession in a given future period using the same simulation procedure
as SW but drawing the random variables from the different model under analysis. The
simplest case is when the model for the coincident indicator and the leading indexes is
linear, which is the situation described at the end of the previous subsection. 17

18

6.3. Markov switching based CLI 19

20
The MS model introduced in Secti@&n?2to define an intrinsic coincident index, and in2:
Section3 to date the business cycle, can also be exploited to evaluate the forecaséing
properties of a single or composite leading indicator. In particular, a simplified versign

of the model proposed kyamilton and Perez-Quiros (1996an be written as 24
25

Axy —c5, = a(Ax;—1 — Cs,_l) +Db(Ayr—1— d.v,+,._1) + Uxi, 26

Ay — ds,ﬂ =c(Ax;—1 — Csf_l) +d(Ay,—1— dsH_,_l) + Uy, (52) z

28

29

wherex andy are univariates; evolves according to the constant transition probabilityo

Markov chain defined irf11), and the leading characteristics ypfre represented not s1

only by its influence on future values ofbut also by its being driven by future valuess2

of the state variabley,,. 33
The main difference betweg®2) and the MS model used in Secti@2, Equa- 34

tion (9), is the presence of lags and leads of the state variable. This requires to defisse a

U = (Mxt, Myt)/ ~ i.i.d. N(O, 2),

new state variable,, such that 36
. 37

1 If St+r = 17 St+r—1 = la ceey St-1 = 17 38

2 sy =0 54,0=1 ..., 551=1, 39

st* = 3 if Sier =1 S440-1=0, ..., s;_1=1, (53) 40

. 41

2r.+2 . 42

if ;40 =0, $49-1=0, ..., 5,1 =0. 43
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The transition probabilities of the Markov chain drivieg can be derived fronfll), 1
and in the simplest case where= 1 they are summarized by the matrix 2
3
pin O 0 0 pu O 0 0 4
po O O O pio O O O .
0 p2 0 O O pox O O 6
0 poo O 0 0 po O 0
P = , 54) 7
0 0 pu O 0 0 pun O (54) o
0 0 pwo O 0 0 pwo O 0
0 0 O pr O O O po1 10
0 0 0 poo O O O poo 11

whoseith, jth element corresponds to the probability tijat= i given thats; ; = j. 12
The quantity of major interest is the probability tlitassumes a certain value given?3

the available information, namely, 14
15
Pr(st*zllxt’-xl—la"-axla yfvyt—la"-’yl) 16
Pr(s; = 2| X, Xr—1, .-+, X1, Yts Yi—1, -+ V1) 5 ¥
Crie = : , (55) 18
2 19
Pr(st*=2r+ |xlsx[—lv~~'3xlv ylvyf—lv'~~1y1)

which is the counterpart of Equatiofi2) in this more general context. The vec-,;

tor ¢;; and the conditional density of future values of the variables given the past,
f i1, yer1 | s;‘+1,x,,...,x1, ¥t,...,¥y1), can be computed using the sequentiaj;

procedure outlined in Sectidh2, seeHamilton and Perez-Quiros (1998hdKrolzig .4

(2004)for details. The latter can be used for forecasting future values of the coincidgnt
variable, the former to evaluate the current status of the economy or to forecast its futyire
status up to period + r. For example, the probability of being in a recession today ig
given by the sum of the rows @f}, corresponding to those valuessjfcharacterized 55
by s; = 1, while the probability of being in a recession in period r is given by the 59
sum of the rows ot;|; corresponding to those valuessjfcharacterized by, , = 1. 3

To make inference on states beyond petiadr, it is possible to use the formula 31
32

Sovmit = P" o (56) %
which is a direct extension of the first row (if4). 34

Hamilton and Perez-Quiros (1998)und that their model provides only a weak signaks
of recession in 1960, 1970 and 1990. Moreover, the evidence in favor of the nonlireear
cyclical factor is weak and the forecasting gains for predicting GNP growth or its turnistg
point are minor with respect to a linear VAR specification. Even weaker evidencesin
favor of the MS specification was found when a cointegrating relationship between
GNP and lagged CLI is included in the model. The unsatisfactory performance of #he
MS model could be due to the hypothesis of constant probability of recessions, as irtthe
univariate context; see, e.drilardo (1994) Evidence supporting this claim, based on#2
the recession of 1990, is provided Byardo and Gordon (1999) 43
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Chauvet (1998jound a good performance also for the factor MS model in trackirg
the recession of 1990 using the proper versiog;efin that context. This is basically 2
the only forecasting application of the factor MS models described in Se2tipiso 3
that further research is needed to close the gap. For example, SW'’s procedure fof the
CLI construction could be implemented usikgn and Nelson’s (1998MS version of 5
the factor model, or a switching element could be introduced in the SW's VAR Equa-
tions(46) and (47) 7

The MS model can also be used to derive analytic forecasts of recession (or expan-
sion) duration. Suppose that follows the simpler MS model if9)—(11)and that itis ¢

known that in period the economy is in a recession, i.e.= 1. Then, 10
11

Pris;r1=1]x,...,x1) = p11, 12
Pris;io =1, s;41 =211 x¢,...,x1) 13

2 (57) 1

=Prisi2=1st41=1 x4,..., x0)Pr(ss41 =11 x4, ..., x1) = piy, 15

16

17

and the probability that the recession ends in perigd: is 18
19

Pr(st+n =0? St4+n—1 = 17 ey St41 = 1| xtv'-'axl) = (1_pll)pZI1 (58) 20

Instead, if(11)is substituted witl{18), i.e., the state probabilities are time-varying, thei!
22

Pris;yn =0, s44n—1=1, ..., ;1 =21 x4, ...,x1) 23
n—1 24
== prvien) [ | Proet) (59) 25
j=1 26
with z
28
A expOy+;-1) 29
i =E| ——————————— | X, .., X1, Viyee . 60
Pilt+j <1+ exp(0yi+,-1) t 1, Vi y1 (60) 20

It follows that an estimator of the expected remaining duration of the recessiion,
periodt is given by

00 i—1 34

t=E@|s=10=)Y il—proei) [ | Proitss (61) s
i=1 j=1 36

which simplifies to ¥
38

A - . i—1 3
t=E@|s=1=) il-ppig" (62) 4

i=1 a

for constant probabilities. An interesting issue is therefore whether the leading indkea-
tors are useful to prediator not. 43
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To conclude, Bayesian methods for the estimation of Markov switching models were
developed byAlbert and Chib (1993aMcCulloch and Tsay (1994)ilardo and Gor- 2
don (1994)and several other authors; see, eglardo and Gordon (1999pr a com- 3
parison of Bayesian linear, MS and factor models for coincident indicatorsCandva 4
(2004, Chapter 11jor an overview. Yet, to the best of our knowledge, there are rfo
applications to forecasting turning points with Bayesian MS models while, for exaen-
ple, a Bayesian replication of thiéamilton and Perez-Quiros (1996€)ercise would be 7

feasible and interesting. 8
9

10
11
12

7. Examples of composite coincident and leading indexes

In this section we provide empirical examples to illustrate some of the theoretical melf'h
ods introduced so far. In particular, in the first subsection we compare several comp03|te
coincident indexes obtained with different methodologies, while in the second subsec—

tion we focus on leading indexes. -

18

7.1. Alternative CClsfor the US

19

20
In Figure 1we graph four composite coincident indexes for the US over the perigd
1959:1-2003:12: the Conference Board's equal weighted nonmodel based CCl,the

23
3 24
25
26
27
28
29

30
31
32
33
34

"/
-2 JJ‘ L SRR NLALEL IS B I L BN IR BRI 35
60 65 70 75 80 85 90 95 00 36
—— CCles ———— CClsw 37
"""" CCloeco ——- CClkn 38

39
Figure 1. Composite coincident indexes. The figure reports the Conference Board's composite coincigent
indicator (CCtp), the OECD reference coincident series (gEtp), Stock and Watson’s coincident index
(CClswy), and the coincident index derived from the four components incgCGhodeled with a dynamic
factor model as irkim and Nelson (1998JCClky). All indexes have been normalized to have zero mear?
and unit standard deviation. 43
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Table 1

1

Correlation of composite coincident indexes (6-month percentage change) )

CClcg CClogch CClsw CClkn 3

4

CClcp 1 5

CCloecp 0.941 1 6

CClsw 0.979 Q969 1 ;
CCIkN 0.943 0916 Q0947 1

8

9

Note: Common sample is 1970:01-2003:11.

e
» o

OECD coincident reference series which is a transformation of IRSthek and Wat- 12
son’s (1989)¥actor model based CCI, and thém and Nelson’s (1998Bayesian MS 13
factor model based CCl computed using the four coincident series combined inithe
CClcg. For the sake of comparability, all indexes are normalized to have zero mean &nd
unit standard deviation. 16

The figure highlights the very similar behavior of all the CCls, which in particular
share the same pattern of peaks and troughs. The visual impression is confirmed bigthe
correlations for the levels, and by those for the 6-month percentage changes reported in
Table 1 the lowest value being 0.916 for G and CChecp. These values are in line 20
with previous studies, see Sectidand indicate that it is possible to achieve a close tel
complete agreement on the status of the economy. 22

In Figure 2we consider dating the US classical and deviation cycles. In the upper
panel we graph the Cgg and the NBER expansion/recession classification. The figuze
highlights that the NBER recessions virtually coincide with the peak-trough periodsin
the CCkg. In the middle panel we graph the G§gland the expansion/recession classize
fication resulting from the AMP dating. The results are virtually identical with respewt
to the NBER (see also the first two columnsTable 3, with the noticeable difference 28
that AMP identifies a double dip at the beginning of the new century with recessiens
in 2000:10-2001:12 and 2002:7—2003:4 versus 2001:3-2001:11 for the NBER. Insthe
lower panel ofFigure 2we graph the HP band pass filtered ggildescribed in Sec- st
tion 3, and the AMP dating for the resulting deviation cycle. As discussed in Segtiors2
the classical cycle recessions are a subset of those for the deviation cycle, since thedatter
capture periods of lower growth even if not associated with declines in the level of the
CCl. 35

Finally, in Figure 3we report the (filtered) probability of recessions computed witks
two methods. In the upper panel we graph the probabilities resulting froriKithe 37
and Nelson’s (1998Bayesian MS factor model applied to the four coincident series
combined in the C@g. In the lower panel those from the AMP nonparametric M3
approach applied to the Cgd. The results in the two panels are very similar, and the
matching of peaks in these probabilities and NBER dated recessions is striking. #he
latter result supports the use of these methods for real-time dating of the business cycle.
Itis also worth noting that both methods attribute a probability close to 60% for a secend
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Figure 2. Classical and deviation cycles. Upper panel:¢gGind NBER dated recessions (shaded areasf‘.0
Middle panel: CCtpg and recessions dated witkrtis, Marcellino and Proietti (2004&lgorithm (shaded 41

areas). Lower panel: HP-band pass filtered €g-and recessions dated wigrtis, Marcellino and Proietti

(2004)algorithm (shaded areas).

42
43
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Figure 3. Probability of recession and NBER dated recessions. The upper panel reports the (filtered) pggba-
bility of recession computed from a dynamic factor model for the four components in theg@@SIng the
Kim and Nelson’s (1998nethodology. The lower panel reports the (filtered) probability of recession com-
puted using the algorithm iArtis, Marcellino and Proietti (2004)pplied to the CGg. The shaded areas are 32
the NBER dated recessions. 33
34

35

short recession at the beginning of the century, in line with the AMP dating reported’“in

the middle panel oFigure 2but in contrast with the NBER dating.
38

39
7.2. Alternative CLIsfor the US 0
41
We start this subsection with an analysis of the indicator selection proceStdck 42

and Watson’s (1989, SWijodel based composite leading index, described in detail i
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Section6.2, and of the construction of two nonmodel based indexes for the US produced
by official agencies, the Conference Board, gd,land the OECD, Cldgcp. 2

SW started with a rather large dataset of about 280 series, yet smaller than Mitchell
and Burns’ original selection of 487 candidate indicators. The series can be divided into
ten groups: “measures of output and capacity utilization; consumption and sales; in¥en-
tories and orders; money and credit quantity variables; interest rates and asset phces;
exchange rates and foreign trade; employment, earnings and measures of the labor force;
wages and prices; measures of government fiscal activity; and other variables”, W
(p. 365). 9

The bivariate relationships between each indicator, properly transformed, andithe
growth of the CChoc were evaluated using frequency domain techniques (the co-
herence and the phase lead), and time domain techniques (Granger causality testg and
marginal predictive content for Cgbc beyond that of CLyoc). The choice of CGlpoc 13
rather than CGw as the target variable can raise some doubts, but the latter was likely
not developed yet at the time, and in addition the two composite coincident indexestare
highly correlated. Some series were retained even if they performed poorly on theiba-
sis of the three criteria listed above, because either economic theory strongly supparted
their inclusion or they were part of the Gldc. After this first screening, 55 variables 18
remained in the list of candidate components of the composite leading index. 19

It is interesting that SW mentioned the possibility of using all the 55 series for tke
construction of an index, but abandoned the project for technical reasons (at the time
construction of a time series model for all these variables was quite complicated) znd
because it would be difficult to evaluate the contribution of each component to the index.
About ten years later, the methodology to address the former issue became available,
seeStock and Watson (2002a, 2002h)d the discussion in Secti@2 above, but the 25
latter issue remains, the trade-off between parsimony and broad coverage of the isddex
is still unresolved. 27

The second indicator selection phase is based on a step-wise regression procedure.
The dependent variable is Cés 6 — CClsw, i.€., the six months growth rate in the 29
SW composite coincident index, that is also the target variable for SW composite lead-
ing index, see SectioB.2 Different sets of variables (including their lags as selected 3y
the AIC) are used as regressors, variables in each set are retained on the basis ozheir
marginal explanatory power, the best variables in each original set are grouped iaito
other sets of regressors, and the procedure is repeated until a small number of indicators

remains in the list. 35
At the end, seven variables (and their lags) were included in the composite indexsas

listed inTable 1in SW. They are: 37

(i) anindex of new private housing authorized, 38

(ii) the growth rate of manufacturers’ unfilled orders for durable goods industries3

(iii) the growth rate in a trade weighted nominal exchange rate, 40

(iv) the growth rate of part-time work in nonagricultural industries, 41

(v) the difference of the yield on constant-maturity portfolio of 10-years US treee
sury bonds, 43
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(vi) the spread between interest rates on 6-months corporate paper and 6-monthis US
treasury bills, 2

(vii) the spread between the yield on 10-years and 1-year US Treasury bonds. 3
The only change in the list so far took place in 1997, when the maturity in (vi) be-
came 3 months. SW also discussed theoretical explanations for the inclusion of these
variables (and exclusion of others). The most innovative variables in SW'syicale 6
the financial spreads, whose forecasting ability became the focus of theoretical and’em-
pirical research in subsequent years. Yet, following an analysis of the performancé of
their CLIsw during the 1990 recession, see Secfior§ Stock and Watson (1992)so  °
introduced a nonfinancial based index (Cé)g. 10

A potential problem of the extensive variable search underlying the final selectfon
of index components, combined with parameter estimation, is overfitting. Yet, whén
SW checked the overall performance of their selection procedure using Monte Catlo
simulations, the results were satisfactory. Even better results were obtai&shidyy “
and Krolzig (1999, 2001jor their automated model selection procedure, PcGets; see
Banerjee and Marcellino (2005)r an application to leading indicator selection for the7
Us.

A final point worth noting about SW's indicator selection procedure is the use of
variable transformations. First, seasonally adjusted series are used. Second, a station-
arity transformation is applied for the indicator to have similar properties as the target.
Third, some series are smoothed because of high frequency noise, in particular, (||) (v)
in the list above. The adopted filter j¥L) = 1+2L+2L?+L3. Such afilter is chosen
with reference to the target variable, the 6-month growth of CCI, and to the use of fist
differenced indicators, sincg(L)(1 — L) is a band-pass filter with gains concentrated,
at periods of four months to one year. Finally, if the most recent values of some of jhe
seven indicators are not available, they are substituted with forecasts in order to be gble
to use as timely information as possibf@arnowitz and Braun (1990n their comment g
to SW, pointed out that smoothing the indicators contributes substantially to the ggod
forecasting performance of SW’s CLI, combined with the use of the most up-to-date
information. a1

The practice of using forecasts when timely data are not available is now suppogted
also for the CLtg [seeMcGuckin, Ozyildirim and Zarnowitz (200B)but not yet im- 33
plemented in the published version of the index. The latter is computed following the
same steps as for the coincident index, the ggQlescribed in Sectiod, but with a 35
different choice of components. In particular, the single indicators combined in the jg-
dex include average weekly hours, manufacturing; average weekly initial claims for
unemployment insurance; manufacturers’ new orders, consumer good and matesials
(in 1996%); vendor performance, slower deliveries diffusion index; manufacturers’ naw
orders, nondefense capital goods; building permits, new private housing units; stock
prices, 500 common stocks; money supply (in 19963%); interest rate spread, 10-year
Treasury bond less federal funds; and the University of Michigan’s index of consumer
expectations. 43
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This list originates from the original selectionMitchell and Burns (1938but only 1
two variables passed the test of time: average weekly hours in the manufacturing sector
and the Standard and Poor’s stock index (that replaces the Dow Jones index of industrial
common stock prices); seédoore (1983)for an historical perspective. Both variables*
are not included in the Ckly, since their marginal contribution in forecasting the
6-month growth of the CGly is not statistically significant. Other major differences’
in the components of the two composite leading indexes are the inclusion g ©LI 7
M2 and of the index of consumer expectations (the relationship of M2 with theyCI 8
is found to be unstable, while consumer expectations were added ¢g €lthe '90sso  °
that the sample is too short for a significant evaluation of their role); and the exclusi®n
from CLIcg of an exchange rate measure and of the growth in part time work (yet, the
former has a small weight in the CdW, while the latter is well proxied by the average™
weekly hours in manufacturing and the new claims for unemployment insurance). **

The third CLI for the US we consider is the OECD composite short leading indéx
CLIoecp (seewww.oecd.org). Several points are worth making. First, the target is rep-
resented by the turning points in the growth cycle of industrial production, where the
trend component is estimated using a modified version of the phase average trend (BAT)
method developed at the NBER [sB&CD (?), Niemira and Klein (1994jor details],
and theBry and Boschan (197 ¥hethodology is adopted for dating peaks and troughs
All of these choices are rather questionable, since industrial production is a lower and
lower share of GDP (though still one of the most volatile components), theoretlcazzy
sounder filters such as those discussed in Se&iare available for detrending, and 2
more sophisticated procedures are available for dating, see again Se@iothe other _,
hand, since the OECD computes the leading index for a wide variety of countries, sjm-
plicity and robustness are also relevant for them.

Second, the criteria for the selection of the components of the index are broadly7|n
line with those listed in Sectio@. The seven chosen indicators as listed in the OECD)
web site include dwellings started; net new orders for durable goods, share price ingex;
consumer sentiment indicator; weekly hours of work, manufacturing; purchasing mgn-
agers index; and the spread of interest rates. Overall, there is a strong similarity withythe
elements of the Cldg. 32

Third, as for CLtg, the components are first standardized and then aggregated
with equal weights. More precisely, each indicator is detrended with the PAT methed,;
smoothed according to its months for cyclical dominance (MCD) values to reduce irreg-
ularity [seeOECD (?) for details]; transformed to homogenize the cyclical amplitudess
standardized by subtracting the mean from the observed values and then dividing the re-
sulting difference by the mean of the absolute values of the differences from the mean;
and finally aggregated. When timely data for an indicator are not available, the indicator
is not included in the preliminary release of the composite leading index. 40

Finally, the composite index is adjusted to ensure that its cyclical amplitude on aver-
age agrees with that of the detrended reference series. The trend restored version & the
index is also computed and published, to get comparability with the IP series. 43
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Figure 4. Composite leading indexes. The figure reports the Conference Board composite leading i%]%ex

(CLIcp), the OECD leading index (CHgcp), a transformation of Stock and Watson'’s leading indext’

(TCLIgw, see text), the ECRI leading index (GdR)), and the NBER dated recessions (shaded areas)8
All indexes have been normalized to have zero mean and unit standard deviation. 19

20

A fourth CLI commonly monitored for the US is the Economic Cycle Research IAt
stitute’s weekly leading index (seeww.businesscycle.comThe precise parameters 22
and procedural details underlying the construction of theggkl are proprietary, the 23
methodology is broadly describedBoschan and Banerji (1990) 24

In Figure 4we graph the four composite leading indexes for the US we hate
described: the Conference Board’s leading index (gl the OECD leading index 26
(CLlogcp), the ECRI's weekly leading index (Cktr)), and a transformation &tock 27
and Watson’s (1989omposite leading index (TCk\y), their leading index plus their 28
coincident index that yields a 6-month ahead forecast for the level of the coincident
index, see Sectiof.2 For comparability, all indexes are normalized to have zero meé&hn
and unit standard deviation. In the same figure we graph the NBER dated recessions
(shaded areas). 32

Visual inspection suggests that the four indices move closely together, and their p&aks
anticipate NBER recessions. These issues are more formally evaludedués 2 and.3 34
In Table 2we report the correlations of the 6-month percentage changes of the foursin-
dices, which are indeed high, in particular when the '60s are excluded from the samsle,
the lowest value being.B95 for CLIsw and CLEcRg:. 37

In Table 3we present a descriptive analysis of the peak and trough structure of the
four leading indexes (obtained with the AMP algorithm), compared either with the
NBER dating or with the dating of the Cgg resulting from the AMP algorithm. The 40
TCLIsw has the worst performance in terms of missed peaks and troughs, but it is werth
recalling that the goal of the Ckjy is not predicting turning points but the 6-month42
growth rate of the CGQw. The other three leading indexes missed no peaks or troughs,
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Table 2

1
Correlation of composite leading indexes (6-month percentage change) )
ClLicp CLloech CLlsw CLlgcRri 3
4
ClLlcp 1 5
CLIpecD 0.891 1 6
CLlsw 0.719 0601 1 ;
CLIgcRI 0.817 Q791 0595 1
8
9
Note: Common sample is 1970:01-2003:11. N
11
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.08 13
{ 14
044 ‘ f 15
\ 16
.00} | ) 17
| {/
j 18
i ]I.
-.04 ‘,.'I' 19
v 20
-.08 4 21
i 22
-12 2

LS B e e o

60 65 70 75 80 85 90 95 00

NN
o B

——— HPBP- CLles ~——— HPBP- Cllecr
------- HPBP- CLloco —-—- HPBP- CLlsw

NN
~N O

Figure 5. Filtered composite leading indexes with AMP dated recessions for deviation cycleqd.d@e
figure reports the HP-band pass filtered versions of the four CLisgare 4 and theArtis, Marcellino and
Proietti (2004)dating of the HP band pass filtered versions of the §g3khaded areas).
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31

32
with the exception of the 2002 peak identified only by the AMP dating algorithm. Yaet,
they gave three false alarms, in 1966, 1984-1985, and 1994-1995. The averageslead
for recessions is about 9-10 months for all indexes (slightly shorter for ydl.but 35
for expansions it drops to only 3—4 months for Gktp and CLEcR;. Based on this s
descriptive analysis, the Cgg appears to yield the best overall leading performance:
Yet, these results should be interpreted with care since they are obtained with the final
release of the leading indicators rather than with real time data, see S&@tion 39

In Figure 5we graph the HP band pass filtered versions of the four composite leading
indexes, with the AMP deviation cycle dating (shaded areas). Again the series mave
closely together, slightly less so for the HPBP-Tgly] and their peaks anticipate dateds2
recessions. 43
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Table 3 N
Classical cycles, dating of coincident and leading indexes
Peak Trough
Coincident Leading (AMP) Coincident Leading (AMP)
NBER AMP CB OECD ECRI sw NBER AMP CB OECD ECRI sw
Apr1960 May 1960 Jan1959 Jan1960 Jan 1959 Aug 1959 Feb 1961 Feb1961 Mar1960 Dec 1960  Oct 1960 May 1960
Jan 1962 Jun 1962
Apr1966 Apr1966 Apr1966 Feb 1966 Dec 1966 Nov 1966 Dec 1966 Jul 1966
Dec 1969 Nov 1969 May 1969 Jan 1969 Jan 1969MISSING  Nov 1970 Nov 1970 Apr 1970 Apr 1970 Jul 1970 MISSING
Nov 1973 Dec 1973  Feb 1973 Feb 1973  Jun 1973 Jan 1973 Mar 1975 Mar 1975 Jan 1975 Dec 1974  Jan 1975 Aug 1974
Jan 1980 Feb 1980 Nov 1978 Aug 1978 Nov 1978  Jun 1979 Jul 1980  Jul 1980 Apr1980  Apr 1980 May 1980 Aug 1981
Jul1981 Aug 1981 Nov 1980 Nov 1980 May 1981MISSING Nov 1982 Dec 1982  Jan 1982 Feb 1982  Aug 1982MISSING
Feb 1984 Oct 1985 Sep 1984 Jun 1986
Jul 1988 Jun 1989
Jul 1990  Jul 1990 Feb 1990 Mar 1990  Oct 1989 Feb 1990 Mar 1991 Mar 1991 Jan 1991 Dec 1990 Dec 1990 Jan 1991
Nov 1994 Dec 1994 May 1995 Apr 1995
May 1998 Oct 1998
Mar 2001 Oct 2000 Feb 2000 Feb 2000 Feb 2000MISSING  Nov 2001 Dec 2001 Mar2001  Oct 2001 Oct 2001 MISSING
Jul 2002 MISSING May 2002 MISSING Feb 2002 Apr2003 MISSING MISSING Apr2003 MISSING

NBER AMP NBER AMP NBER AMP NBER AMP NBER AMP NBER AMP NBER AMP NBER AMP
Average lead 10 11 9 9 9 0 7 8 9 9 4 4 3 3 8 9
St. dev. 423 428430 531 513 475378 250 430 531 289 304 111 1 538 580
False alarms 3 3 3 3 3 3 2 2 3 3 3 3 3 3 2 2
Missing 0 1 0 0 0 1 2 4 0 1 0 0 0 1 3 4

Note: Shaded values are false alarms, ‘MISSING’ indicates a missed turning point. Leads longer than 18
considered missed turning points. AMP: dating based on algorithintis, Marcellino and Proietti (2004)
* indicates no previous available observation. Based on final release of data.
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Table 4

1

Correlations of HP band pass filtered composite leading indexes )

HPBP-CLkg HPBP-CLbecp  HPBP-CLECR) HPBP-CLkw 3

4

HPBP-CLlp 1 5

HPBP-CLbgcp  0.919 1 6

HPBP-CLECR) 0.906 0882 1 ;
HPBP-CLkw 0.703 0595 0645 1

8

9

Note: Common sample is 1970:01-2003:11.

[y
o

11

FromTable 4 the HPBP-TCL&w is the least correlated with the other indexes, cor
relation coefficients are in the range 0.60-0.70, while for the other three indexesithe
lowest correlation is 0.882. 14

FromTable 5 the ranking of the indexes in terms of lead-time for peaks and troughs
is similar to that inTable 3 In this case there is no official dating of the deviation cycleys
so that we use the AMP algorithm applied to the HPBP-xCads a reference. The 17
HPBP-CLIg confirms its good performance, with an average lead time of 7 months fer
recessions, 10 months for expansions, and just one missed signal and two false alaggms.
The HPBP-CLEcR is a close second, while the HPBP-T Gl remains the worst, with 5
3—4 missed signals. 21

Finally, the overall good performance of the simple nonmodel baseggldserves »
further attention. We mentioned that it is obtained by cumulating, using the formuyia
in (3), an equal weighted average of the one month symmetric percent changes often
indicators. The weighted average happens to have a correlation of 0.960 with the first
principal component of the ten members of the €d.1The latter provides a nonpara- ,4
metric estimator for the factor in a dynamic factor model, see Se6tbandStock and
Watson (2002a, 2002ipr details. Therefore, the Ckk can also be considered as a,g
good proxy for a factor model based composite leading indicator. 29

30
8. Other approachesfor prediction with leading indicators 31

32
In this section we discuss other methods to transform leading indicators into a foregast
for the target variable. In particular, SectiBri deals with observed transition models,;,
Section8.2 with neural network and nonparametric methods, Sedi@with binary ;5
models, and Sectid®.4with forecast pooling procedures. Examples are provided in thg
next section, after having defined formal evaluation criteria for leading indicator baged
forecasts. 38
39
40
In the class of MS models described in Sectibrisand 6.3the transition across states4:
is abrupt and driven by an unobservable variable. As an alternative, in smooth trafisi-
tion (ST) models the parameters evolve over time at a certain speed, depending orsthe

8.1. Observed transition models
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Table 5
Deviations cycles, dating of coincident and leading indexes
Peak Trough

Coincident Leading Coincident Leading
CB CB OECD ECRI SW CB CB OECD ECRI SW
Mar 1960 May 1959 Feb 1960 Jul 1959 Sep 1959 Mar 1961 Nov 1960 Jan 1961 Oct 1960 Jan 1961
May 1962 Jan 1962 Jan 1962 Dec 1961 MISSING Jan 1964 Sep 1962 Nov 1962 Sep 1962 MISSING

Apr 1963 May 1964
Jul 1967 Feb 1966 Mar 1966 Feb 1966 Jan 1967 Aug 1967 Feb 1967 Jan 1967 Dec 1966 Jan 1967
Aug 1969 Feb 1969 Dec 1968 Feb 1969 Dec 1967 Mar 1971 Jul 1970 Jun 1970 Aug 1970 Jun 1970
Dec 1973 Feb 1973 Jan 1973 May 1973 Jan 1973 Jun 1975 Feb 1975 Jan 1975 Jan 1975 Oct 1974
Mar 1979 Sep 1978 Sep 1978 Dec 1978 May 1979 Jul 1980 May 1982 Apr 1980 Jun 1982 Feb 1980
Jul 1981 MISSING Mar 1981 MISSING Sep 1980 Jan 1983 MISSING May 1982 MISSING Jun 1982
Nov 1984 Jan 1984 Dec 1983 Oct 1983 Apr 1985 Jan 1987 Jan 1986 May 1985 Oct 1985 Aug 1987

Jun 1987 Apr 1988
May 1990 Sep 1987 Aug 1987 Nov 1989 Jan 1990 Dec 1991 Dec 1990 Jan 1991 Nov 1990 Jul 1991
Feb 1993 Jul 1993

Jan 1995 Jun 1994 Jun 1994 Oct 1993 Jan 1994 Mar 1997 Nov 1995 Aug 1995 Feb 1995 Oct 1994

Aug 1995 May 1997

Nov 1997 ) Oct 1998 .
Aug 2000 Jan 2000 Mar 2000 Mar 2000 Jan 2001 Dec 2003 May 2001 Dec 2003 Dec 2003" Nov 2003"
May 2002 Dec 2003

Aver. lead 7 6 7 8 10 7 10 6
St. dev. 2.28 3.21 3.80 3.25 4.67 4.03 4.47 231
False alarms 2 2 1 2 1 4 2 1
Missing 1 0 1 4 1 0 1 3

9¢6

<

Note: Shaded values are false alarms, ‘MISSING’ indicates a missed turning point. Leads longer than 18 months are considered false alarnesddeyativel

considered missed turning points. AMP: dating based on algorithhntis, Marcellino and Proietti (2004)

* indicates last available observation. Based on final release of data.
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behavior of observable variables. In particular, the ST-VAR, that generalizes the limear
model in(21) can be written as 2

Ax; =cx +AAx 1+ BAy; 1+ (cx + AAx; 1+ BAy; 1) Fx + uyy, j

Ay; =cy+ CAxi—1+ DAy—1+ (cy + CAxi—1 + DAy 1) Fy + uy,, (63) s

Uur = (u”,uy,)/ ~ ||dN(0, 2), 6

7

where .
exp(o O1z,— ex _

o= P + 612/-1) ’ F, = o + 12:-1) ’ 64) o

1+ expfo + 012/-1) 1+ expl¢o + h12:-1) 10

andz,_j contains lags of; andy;. 11

The smoothing parametefg and ¢1 regulate the shape of parameter change oves
time. When they are equal to zero, the model becomes linear, while for large valuesthe
model tends to a self-exciting threshold model [see, @gtter (1995)Artis, Galvao 14
and Marcellino (2003) whose parameters change abruptly as in the MS case. In this
sense the ST-VAR provides a flexible tool for modelling parameter change. 16

The transition functionF, is related to the probability of recession. In particularg;
when the values of,_; are much smaller than the threshold valég the value ofF, 45
gets close to zero, while large values lead to valueB,aflose to one. This is a conve- ;4
nient feature in particular wheR, only depends on lags of, since it provides direct ,,
evidence on the usefulness of the leading indicators to predict recessions. As an alter-
native, simulation methods as in Sectd can be used to compute the probabilities of,
recession. 23

Details on the estimation and testing procedures for ST models, and extensiong to
deal with more than two regimes or time-varying parameters, are reviewed, evgn by ,s
Dijk, Terasvirta and Franses (2002)hile Terasvirta (2006jocuses on the use of ST ,4
models in forecasting. In particular, as itis common with nonlinear models, forecastjng
more than one-step ahead requires the use of simulation techniques, unless dyngmic
estimation is used as, e.g.,$tock and Watson (1999by Marcellino (2003) 29

Univariate versions of the ST model using leading indicators as transition variabjes
were analyzed bysranger, Terasvirta and Anderson (1998hile Camacho (2004) .,
Anderson and Vahid (2001 jand Camacho and Perez-Quiros (20@®nsidered the ,,
VAR case. The latter authors found a significant change in the parameters only for,the
constant, in line with the MS specifications described in the previous subsection gnd
with the time-varying constant introduced by SW to compute their CLI.

Finally, Bayesian techniques for the analysis of smooth transition models were ge—
veloped byL.ubrano (1995)and byGeweke and Terui (1992ndChen and Lee (1995) ,,
for threshold models; se@anova (2004, Chapter 1fgr an overview. Yet, there are no 4,

applications to forecasting using leading indicators. 39

40

8.2. Neural networks and nonparametric methods
41

The evidence reported so far, and that summarized in Setlibelow, is not sufficient 42
to pin down the best parametric model to relate the leading to the coincident indisa-
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tor, different sample periods or indicators can produce substantially different results.
A possible remedy is to use artificial neural networks, which can provide a valid ap-
proximation to the generating mechanism of a vast class of nonlinear processes;3see,
e.g.,Hornick, Stinchcombe and White (198%nd Swanson and White (19973tock 4
and Watson (1999bMarcellino (2003)or their use as forecasting devices. 5

In particular,Stock and Watson (1999kpnsidered two types of univariate neuraf
network specifications. The single layer model withhidden units (and a linear com- 7

ponent) is 8
9

n1 10

xr = Bozr + Z Vlig(ﬁ/liz;) + e, (65) u

i=1 12

13
whereg(z) is the logistic function, i.e g(z) = 1/(1+ ¢~%), andz, includes lags of the ,

dependent variable. Notice that when= 1 the model reduces to a linear specification,
with a logistic smooth transition in the constant. A more complex model is the double

layer feedforward neural network with andn, hidden units: 17

18

np nq 19

xi = oz + ZV2j8<Z ﬁzjig(ﬂ/l,-a)) +er. ©6) .
j=1 i=1

21

The parameters d65) and (66)can be estimated by nonlinear least squares, and foré-

casts obtained by dynamic estimation. 23
While the studies using NN mentioned so far considered point fore€g®)01)fo- 24

cused on turning point prediction. The model she adopted is a simplified vergi@@)of 2°

namely, 2%
27

ni 28
S g(z ,32ig(,31,'2t)> + e, (67) 2

i=1 30

wherez, includes lagged leading indicators in order to evaluate their forecasting rozlie,
andr, is a binary recession indicator. Actually, singe) is the logistic function, the pre-
dicted values fronf67) are constrained to lie in tH®, 1] interval. As for(65) and (66) ,
the model is estimated by nonlinear least squares, and dynamic estimation is adopted
when forecasting. 36
An alternative way to tackle the uncertainty about the functional form of the relatiop-
ship between leading and coincident indicators is to adopt a nonparametric specificagjon,
with the cost for the additional flexibility being the required simplicity of the model,
Based on the results from the parametric models they evaluasedacho and Perez- ,,
Quiros (2002suggested the specification, 4
42
xr =m(y;—1) + e, (68) 43



© 0 N o g »h W N P

A OB BB WOWWW W W WWWWN DN NDNNNDNDNDNDN R R P RP RBP PR R
W N PO © © N O 0o b WN P O © 0 N O g b WOWN PP O © 0 N o o b W N B O

Ch. 16: Leading Indicators 929

estimated by means of the Nadaraya—Watson estimator; seeHatslle and Vieu
(1992) Therefore,

T 4
f= <2K(%>x,~>/(z K(y”hi_y’)) (69)
j=1 J=1 6

where K (-) is the Gaussian kernel and the bandwidtis selected by leave-one-out
cross validation. .
The model is used to predict recessions according to the two negative quarters [(l).”e.

For example, 1

12

Prix;42 <0, x41 <0 y) = / S X2, X1 | ye) A dogga, 13
Vi+2<0Jy;41<0 14

(70)

and the densities are estimated using an adaptive kernel estimat@asexho and 16
Perez-Quiros (200&pr details. 17

Another approach that imposes minimal structure on the leading-coincident indicagor
connection is the pattern recognition algorithm proposeHtdilis-Borok et al. (200Q) 19
The underlying idea is to monitor a set of leading indicators, comparing their valueg®o
a set of thresholds, and when a large fraction of the indicators rise above the threstiold

a recession alarmy,, is sent. Formally, the model is 22
23

1if Y0l W > N — b, 2

At == (71) 25

0 otherwise 26

27
wherewy, = 1if yi; > ¢, and¥y, = 0 otherwise. The salient features of this approachy,

are the tight parameterization (om#+1 parameters, c1, . . ., cy), whichisingeneral 4
a plus in forecasting, the transformation of the indicators into binary variables priot;$o
their combination (fromy, to ¥, and then summed with equal weights), and the focusg
on the direct prediction of recessions, is a (/1 variable. 32
Keilis-Borok et al. (2000used 6 indicators: SW’s CCl defined in Sectlmfand five 33
leading indicators, the interest rate spread, a short term interest rate, manufacturingand
trade inventories, weekly initial claims for unemployment, and the index of help wantgd
advertising. They analyzed three different versions of the mod@llijwhere the para- 3s
meters are either judgementally assigned or estimated by nonlinear least squareszwith
or without linear filtering of the indicators, finding that all versions perform comparably
and satisfactory, producing (in a pseudo-out-of-sample context) an early warning ofsthe
five recessions over the period 1961 to 1990. Yet, the result should be interpreted with
care because of the use of the finally released data and of the selection of the indica-
tors using full sample information, consider, e.g., the use of the spread which was4not
common until the end of the '80s. 43
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8.3. Binary models 1
2
In the models we have analyzed so far to relate coincident and leading indicators3the
dependent variable is continuous, even though forecasts of business cycle turning pbints
are feasible either directly (MS or ST models) or by means of simulation methods (lingar
or factor models). A simpler and more direct approach treats the business cycle phases
as a binary variable, and models it using a logit or probit specification. 7
In particular, let us assume that the economy is in recession in pemyd= 1, ifthe 8

unobservable variablg is larger than zero, where the evolutionspfs governed by o
10

st =B'yi—1+ e (72) nu
Therefore, i
13

Pr(R; =1) = Pr(s;, > 0) = F(ﬂ/yt_l), (73) 4

15
whereF (-) is either the cumulative normal distribution function (probit model), or the;
logistic function (logit model). The model can be estimated by maximum likelihoog,
and the estimated parameters combined with current values of the leading indicatofg to
provide an estimate of the recession probability in perigdl, i.e., 19

Riy1=PrR1 =1 = F(B'y). (74)

The logit model was adopted, e.g., 8ock and Watson (199&8nd the probit model 22
by Estrella and Mishkin (1998)while Birchenhall et al. (1999provided a statistical 23
justification for the former in a Bayesian context [on the latter, see Addlmer and 24
Rossi (1984andAlbert and Chib (1993h8) Binary models for European countries werezs
investigated byEstrella and Mishkin (1997Bernard and Gerlach (199&strella, Ro- 26
drigues and Schich (2003Birchenhall, Osborn and Sensier (2000sborn, Sensier 27
and Simpson (2001Moneta (2003) 28

Several points are worth discussing about the practical use of the probit or lagit
models for turning point prediction. First, often in practice the datingRpfollows 30
the NBER expansion/recession classification. Since there are substantial delays irtthe
NBER’s announcements, it is not known in periodhether the economy is in reces-32
sion or not. Several solutions are available to overcome this problem. Either the meglel
is estimated with data up to peried- k£ and it is assumed tha remains constant in 34
the remaining part of the sample; 8 is substituted with an estimated value from arss
auxiliary binary model for the current status of the economy, e.g., using the coincident
indicators as regressors [see, eRjrchenhall et al. (1999)or one of the alternative 37
methods for real-time dating of the cycle described in Se@i@is adopted. 38

Second, as in the case of dynamic estimation, a different model specificatior?is
required for each forecast horizon. For example, ifhastep ahead prediction is of 40

interest, the model i§72) should be substituted with 41
42

St = VpYieh + Ur (75) 43
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This approach typically introduces serial correlation and heteroskedasticity into the
error termu; 5, SO that the logit specification combined with nonlinear least-squares
estimation and robust estimation of the standard errors of the parameters can bespre-
ferred over standard maximum likelihood estimation, compare, for exa(@@dlgn the 4
previous subsection which can be considered as a generalizat{@®)ofNotice also 5
thaty, y;—, can be interpreted as dnstep ahead composite leading indicator. As an
alternative, the model i§72) could be complemented with an auxiliary specificatior

for y,, say, 8
0
yr=Ay—1+ v (76) 10
so that 1
12
Pr(R, 1, =1) = Pr(s;pp > 0) = Pr(ﬁ’Ah_ly, + N4h—1+ €4 > 0) 13
_ 14
= Fyte (,B/Ah 1yt) 77)

with 9,1 5—1 = Bvrgn—1 + B Avipn_2 + --- + /A" 1y, In general, the derivation 16
of F,4+.(-) is quite complicated, and the specification of the auxiliary mode}faan 17
introduce additional nois®ueker (2003extended and combined Equatiqi7?) and 18
(76)into 19

()= 2) () + (). I

which is referred to as Qual-VAR because of its similarity with the models considergd
in Section6.1 The model composed of the equation fpralone is the dynamic or- 24
dered probit studied b¥ichengreen, Watson and Grossman (1988)o derived its 25
likelihood and the related maximum likelihood estimators. Adding the set of equa-
tions for y, has the main advantage of closing the model for forecasting purpos®s.
Moreover,Dueker (2003showed that the model can be rather easily estimated usitg
Gibbs sampling techniques, amiieker and Wesche (200igund sizeable forecast- 29
ing gains with respect to the standard probit model, in particular during recessiorfdry
periods. 31
Third, the construction of the probability of a recession within a certain period, sy
t + 2, is complicated within the binary model framework. The required probability $8
given by P(R,11 = 0, Riy2 = 1) + Pr(Riy1 = 1, Riy2 = 0) + Pr(R; 1 = 1, 34

Ri12 = 1). Then, either fron{75), 35
36

Pr(RH_]_ =1, Rl+2 = 1) = Pr(SH_j_ > O, St42 > 0) 37

= Pl’(ut+l,1 > —Vb’t, U422 > —Vz/)’t)’ (79) =

39

or from (77), 40

Pr(Ri+1=1, Riy2=1) = Pl(s;41 > 0, 5142 > 0) .

= Pr(ﬂ’yz +e41>0, B'Ay + B'viy1 +eq2 > O), (80) 4
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and similar formulae apply for PR;;1 =0, R,y 2 =1 and P(R;y1 =1, Ri;2=0). 1

As long as the joint distributions i¥9) and (80)are equivalent to the product of the 2
marginal ones, as in this case assuming thatre uncorrelated with,, and the error 3
terms are i.i.d., an analytic solution can be found. For higher valuéssifulation 4
methods are required. For example, a system made up of the models resulting wsing
Equation(75) for different values o can be jointly estimated and used to simulate the
probability values in(79). A similar approach can be used to compute the probability
that an expansion (or a recession) will have a certain duration. A third, simpler altema-
tive, is to define another binary variable directly linked to the event of interest, in this

case, 10
11
0 ifnorecession in period+ 1, r + 2,
rR2, = perior 81) 12
1 ifatleastone recessionint 1, ¢ + 2, 13

and then modeR2, with a probit or logit specification as a function of indicators dated
up to periodt —1. The problem of this approach is that it is not consistent with the modél
for R, in Equationg(72), (73) The extent of the mis-specification should be evaluateld
in practice and weighted with the substantial simplification in the computations. A findl,
more promising, approach is simulation of the Qual-VAR mod¢¥B), along the lines 18
of the linear model in Sectiof.1 19
Fourth, an additional issue that deserves investigation is the stability of the paramefers
over time, and in particular across business cycle ph&3is, Geweke and Miller 2!
(2000)proposed to estimate different parameters in expansions and recessions, usifg an
exogenous classification of the states based on their definition of turning (irteer 23
(1997, 2002)suggested to make the switching endogenous by making the parametérs
of (72) evolve according to a Markov chain. Both authors provided substantial evidedte
in favor of parameters instability. 26
Fifth, an alternative procedure to compute the probability of recession in perioé’
consists of estimating logit or probit models for a set of coincident indicators, and ttén
aggregating the resulting forecasts. The weights can be either those used to aggregéfe the
indicators into a composite index, or they can be determined within a pooling contékt,
as described in the next subsection. 31
Sixth,Pagan (2005)oints out that the construction of the binayindicator matters, 32
since it can imply that the indicator is not i.i.d. as required by the standard probit or It
analysis. 34
Finally, as in the case of MS or ST models, the estimated probability of recessi®n,
F++1, Should be transformed into a 0/1 variable using a proper rule. The common chobées
are of the type, > ¢ wherec is either 05, a kind of uninformative Bayesian prior, 37
or equal to the sample unconditional recession probabilitieker (2002)suggested 38
to make the cutoff values also regime dependent,cgagnd c1, and to compare the 39
estimated probability with a weighted combinatiorcgfindc; using the related regime 40
probabilities. In general, as suggested, e.g.Zbiner, Hong and Gulati (199nd 4
analyzed in details blsieli (2004), the cutoff should be a function of the preferences ofz
the forecasters. 43
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8.4. Pooling 1
2

Since the pioneering work @ates and Granger (1969) is well known that pooling 3
several forecasts can yield a mean square forecast error (msfe) lower than that of each of
the individual forecasts; s@@mmermann (2006for a comprehensive overview. Hence,s
rather than selecting a preferred forecasting model, it can be convenient to combine all
the available forecasts, or at least some subsets. 7

Several pooling procedures are available. The three most common methods in grac-
tice are linear combination, with weights related to the msfe of each forecast [see,
e.g.,Granger and Ramanathan (19840edian forecast selection, and predictive leasp
squares, where a single model is chosen, but the selection is recursively updated atieach
forecasting round on the basis of the past forecasting performance. 12

Stock and Watson (19991and Marcellino (2004)presented a detailed study of the1s
relative performance of these pooling methods, using a large dataset of, respectivelysUS
and Euro area macroeconomic variables, and taking as basic forecasts those produced by
a range of linear and nonlinear models. In general simple averaging with equal weights
produces good results, more so for the US than for the Euro 8teek and Watson 17
(2003a)focused on the role of pooling for GDP growth forecasts in the G7 countries,
using a larger variety of pooling methods, and dozens of models. They concluded that
median and trimmed mean pooled forecasts produce a more stable forecasting pesfor-
mance than each of their component forecasts. Incidentally, they also found poeled
forecasts to perform better than the factor based forecasts discussed in 8&ttion 22

Camacho and Perez-Quiros (200@3used on pooling leading indicator models, ires
particular they considered linear models, MS and ST models, probit specifications, and
the nonparametric model described in Seci0P using regression based weights ass
suggested bysranger and Ramanathan (1984gnce, the pooled forecast is obtaineds

as 27
R R R R 28
Xt41lt = WiXr41)r,1 + W2Xp4 1,2 + - -+ WpXe41)r, ps (82) 29
and the weightsy;, are obtained as the estimated coefficients from the linear regressidn

31
Xy = wlet|t—1 1+ w2£t|t—l 2+ -+ a)prIII—l ptu; 83) =

which is estimated over a training sample using the forecasts from the single mode?é to
be pooled;;—1,;, and the actual values of the target variable.

Camacho and Perez-Quiros (20@®pluated the role of pooling not only for GDP %
growth forecasts but also for turning point prediction. The pooled recession probabﬁﬁy

is obtained as
38

ft+1\t = F(alft+l|t,1 + azft+1|t,2 + .-+ dpft+1|t,p)» (84) 30

where F(-) is the cumulative distribution function of a normal variable, and thj‘(leO

weights,a;, are obtained as the estimated parameters in the probit regression i

ry = F(Ollft\t—l,l + Otzfm—l,z +---+ Olpfm—l,p) + ey, (85) 43
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which is again estimated over a training sample using the recession probabilities from

the single models to be poolef];_1;, and the actual values of the recession indice

tor, r;. 3
The pooling method described above was studied from a theoretical point of viewtby

Li and Dorfman (1996)n a Bayesian context. A more standard Bayesian approachsto

forecast combination is the use of the posterior odds of each model as weights; seefe.qg.,

Zellner and Min (1993)When all models have equal prior odds, this is equivalent to tHe

use of the likelihood function value of each model as its weight in the pooled forecast.
9

10
11
12

9. Evaluation of leading indicators

In this section we deal with the evaluation of the forecasting performance of the Ieacfisng
indicators when used either in combination with simple rules to predict turning poinlt‘}s,

or as regressors in one of the models described in the previous sections to forecast ?éther
the growth rate of the target variable or its turning points. In the first subsection we
consider methodological aspects while in the second subsection we discuss empllrgical

examples.
19

20
9.1. Methodology ”n
22

A first assessment of the goodness of leading indicators can be based on standaggl in-
sample specification and mis-specification tests of the models that relate the indicators
to the target variable. 25

The linear model in(21) provides the simplest framework to illustrate the issuess
A first concern is whether it is a proper statistical model of the relationships amang
the coincident and the leading variables. This requires the estimated residuals to mignic
the assumed i.i.d. characteristics of the errors, the parameters to be stable over tgme,
and the absence of nonlinearity. Provided these hypotheses are not rejected, the model
can be used to assess additional properties, such as Granger causality of the leading
for the coincident indicators, or to evaluate the overall goodness of fit of the equatians
for the coincident variables (or for the composite coincident index). The model atso
offers a simple nesting framework to evaluate the relative merits of competing leading
indicators, whose significance can be assessed by means of standard testing procegures.
For a comprehensive analysis of the linear model see,Hegdry (1995) 36

The three steps considered for the linear model, namely, evaluation of the goodness of
the model from a statistical point of view, testing of hypotheses of interest on the paea-
meters, and comparison with alternative specifications should be performed for each of
the approaches listed in Sectidhand 8 In particularHamilton and Raj (20029ndRaj 4o
(2002) provide up-to-date results for Markov-switching modefan Dijk, Terasvirta 41
and Franses (2002pr smooth transition models, while, e.gdarcellino and Mizon 42
(2004)present a general framework for model comparison. 43
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Yet, in-sample analyses are more useful to highlight problems of a certain indicato¥ or
methodology than to provide empirical support in their favor, since they can be biagsed
by over-fitting and related problems due to the use of the same data for model specifi-
cation, estimation, and evaluation. A more sound appraisal of the leading indicators4can
be based on their out of sample performance, an additional reason for this beingsthat
forecasting is their main goal. 6

When the target is a continuous variable, such as the growth of a CCI over a certain
period, standard forecast evaluation techniques can be used. In particular, the ow-of-
sample mean square forecast error (MSFE) or mean absolute error (MAE) provide
standard summary measures of forecasting performance. Tests for equal forecase ac-

A OB B B WOWWWWW W W WWN N NDNNDNDNDNDNDN R R P B P RPR PR
W N P O © O N O 0o b W N PP O © 0 N O 0o b WOWN P O © 0 N O g b W N P

curacy can be computed along the linesébold and Mariano (1995Clark and 11
McCracken (2001 )the standard errors around the MSFE of a model relative to a ben¢h-
mark can be computed following/est (1996)and tests for forecast encompassing cat#
be constructed as i@ilark and McCracken (2001)Vest (2006)provides an up-to-date 14
survey of forecast evaluation techniques. 15
Moreover, as discussed in Secti®rsimulation methods are often employed to com?26
pute the joint distribution of future values of the CCI to produce recession forecasts.
Such a joint distribution can be evaluated using techniques developed in the density
forecast literature; see, e.Gorradi and Swanson (2006) 19
When the target variabl&;, is a binary indicator while the (out of sample) forecast®
is a probability of recessiorg;, similar techniques can be used since the forecast er@r
is a continuous time variable. For examdgebold and Rudebusch (1988¢fined the 22

accuracy of the forecast as 23
24
T
1 25
QPS: ? Z Z(Pt - Rt)zv (86) 26
=1

27
where QPS stands for quadratic probability score, which is the counterpart of the MSEE.
The range of QPS if0, 2], with 0 for perfect accuracy. A similar loss function thatze

assigns more weight to larger forecast errors is the log probability score, 30
1 T 31
32
LPS=—— ;((1 — Ry)log(1— P,) + R, log P,). ®7n
t=
34
The range of LPS if0, co], with O for perfect accuracy. 35

FurthermoreStock and Watson (1992¢gresse®;« — CRl;4;, i.€., the difference 5
of their indicator of recession and the composite recession index, on available inforgaa-
tion in periodt, namely 38

39
Rtk — CRligkr = 28 + ey, (88) 0
where the regressors i are indicators included or excluded in SW’s CLI. The erroprt
term in the above regression is heteroskedastic, because of the discrete n&fueandf 42
serially correlated, because of theeriod ahead forecast horizon. Yet, robusand 43
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F-statistics can be used to test the hypothesis of intefest, that is associated with 1
correct model specification whep contains indicators included in the CLI, or with an2
efficient use of the information in the construction of the recession forecast gyhers
contains indicators excluded from the CLI. Of course, the mod¢8&) can also be 4
adopted when the dependent variable is a growth rate forecast error. 5

If the CRI or any probability of recession are transformed into a binary indic&tor, &
by choosing a threshold such that if the probability of recession increases beyorrd it
then the indicator is assigned a value of one, the estimation method for the regression
in (88) should be changed, since the dependent variable becomes discrete. In this ¢ase,
a logistic or probit regression with appropriate corrections for the standard errors ofithe
estimated coefficients would suit. 11

Contingency tables can also be used for a descriptive evaluation of the methodolegy
in the case of binary forecasts and outcomes. They provide a summary of the percentage
of correct predictions, missed signals (no prediction of slowdown when it takes place),
and false alarms (prediction of slowdown when it does not take place). A more fornsal

assessment can be based on a concordance index, defined as 16
1 T 17

Irs = =Y [RiS; + (1= S)(L - Ry)], (89) 1

r =1 19

with values in the interval0, 1], and 1 for perfect concordance. Under the assumptidf
thatS; and R; are independent, the estimate of the expected value of the concordaiice
indexis ZR = 1— R — S, whereR andS are the averages &, ands,. Subtracting this 2
quantity from /s yields the mean-corrected concordance indéarfling and Pagan 23

(2002, 2009) 2
1 T 25
* < - 26
Irs =22 ;(s,—s)(Rt—R). (%) >
AMP showed that under the null hypothesis of independendz anhdR;, 2:

o0
30
TY2I%s — N(0,40%), 0% =yr(Oys(0)+2) yr(x)ys(®), @y
=1 32
whereys(t) = E[(S;— E(S;))(S;—: — E(S;))] andys(t) is defined accordingly. A con- 33
sistent estimator af2 is 3
! 35

N N N T\ .. N

62 = VR(O)VS(O)+ZZ<1_ 7)7/1%(7)7/5(7), (92) s
=1 37

wherel is the truncation parameter ang () and ys(t) are the sample counterpartsss

of yr(r) andys(t). As an alternativeHarding and Pagan (2002, 200&)oposed to 39

regressk; on S;, and use a robusttest to evaluate the significance$f 40
Notice that since the predictive performance of the leading indicators can vary over

expansions and recessions, and/or near turning points, it can be worth providing a sepa-

rate evaluation of the models and the indicators over these subperiods, using any oBthe
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methods mentioned so far. The comparison should also be conducted at different fore-
cast horizons, since the ability to provide early warnings is another important property
for a leading indicator, though difficult to be formally assessed in a statistical frame-
work. 4

A final comment concerns the choice of the loss function, that in all the forecast
evaluation criteria considered so far is symmetric. Yet, when forecasting growth ar a
recession indicator typically the losses are greater in case of a missed signal than for
a false alarm, for example, because policy-makers or firms cannot take timely caun-
teracting measures. Moreover, false alarms can be due to the implementation of timely
and effective policies as a reaction to the information in the leading indicators, or ¢can
signal major slowdowns that do not turn into recessions but can be of practical policy
relevance. These considerations suggest that an asymmetric loss function couldibe a
more proper choice, and in such a case using the methods summarized so far to evaluate
a leading indicator based forecast or rank competing forecasts can be misleadingi4~or
example, a model can produce a higher loss than another model even if the formenhas
a lower MSFE or MAE, the best forecast can be biased, or an indicator can be sigmif-
icant in (88) without reducing the loss; see, e.gstis and Marcellino (2001)Elliott, 17
Komunjer and Timmermann (2003}atton and Timmermann (2002ndGranger and 18
Machina (2006¥or an overview. More generally, the construction itself of the leading
indicators and their inclusion in forecasting models should be driven by the loss function
and, in case, take its asymmetry into proper account. 21
22

9.2. Examples
23

We now illustrate the methodology for model evaluation discussed in the previous sib-
section, using four empirical examples that involve some of the models reviewedsin
Sections and 8 26
The first application focuses on the use of linear models for the (one-month sym-
metric percent changes of the) Ggland the CLtg. We focus on the following six 28
specifications. A bivariate VAR for the Cgg and the CL¢g, as in Equation(34). 20
A univariate AR for the CGdg. A bivariate ECM for the CGdg and the CL¢g, as 20
in Equation(39), where one cointegrating vector is imposed and its coefficient recat-
sively estimated. A VAR for the four components of the gghnd the CLtg, as in 32
Equation(29). A VAR for the CClcg and the ten components of the Gkl Finally, 33
a VAR for the four components of the Cgd and the ten components of the Gkl 34
as in Equatior{21). Notice that most of these models are nonnested, except for the AR
which is nested in some of the VARSs, and for the bivariate VAR which is nested in tite
ECM. 37
The models are compared on the basis of their forecasting performance one ane six
month ahead over the period 1989:1-2003:12, which includes the two recessior® of
July 1990-March 1991 and March 2001-November 2001. The forecasts are comptsted
recursively with the first estimation sample being 1959:1-1988:12 for one step ahead
forecasts and 1959:1-1988:6 for six step ahead forecasts, using the final release af the
indexes and their components. While the latter choice can bias the evaluation towsrds



© 0 N oo g b~ W N P

A B BB WOWWW W W W W WWN DN NDNNNDNDNDNDN R R P RP RBP PR R R
W N P O © 0 N O 0o b WN PP O © © N O g b~ WOWN P O © 0 N o o b W N B O

938 M. Marcellino

the usefulness of the leading indicators, this is not a major problem when the fore-
casting comparison excludes the '70s and '80s and when, as in our case, the interest
focuses on the comparison of alternative models for the same vintage of data, see the
next section for details. The lag length is chosen by BIC over the full sample. Recurgive
BIC selects smaller models for the initial samples, but their forecasting performance is
slightly worse. The forecasts are computed using both the standard iterated methods and
dynamic estimation (as described in Equat(28)). 7
The comparison is based on the MSE and MAE relative to the bivariate VAR for the
CClcp and the CLtg. The Diebold and Mariano (1995gst for the statistical signif- ©
icance of the loss differentials is also computed. The results are reported in the upper
panel ofTable 6 11
Five comments can be made. First, the simple AR model performs very well, there
are some very minor gains from the VAR only six step ahead. This finding indicates
that the lagged behavior of the C§gl contains useful information that should be in-14
cluded in a leading index. Second, taking cointegration into account does not imprgve
the forecasting performance. Third, forecasting the four components of thgs@@t 16
then aggregating the forecasts, as in Equafii), decreases the MSE at both hori-17
zons, and the difference with respect to the bivariate VAR is significant one-step ahead.
Fourth, disaggregation of the CGéd into its components is not useful, likely because ofe
the resulting extensive parameterization of the VAR and the related increased estima-
tion uncertainty. Finally, the ranking of iterated forecasts and dynamic estimation is #ot
clear cut, but for the best performing VAR using the four components of the e 22
standard iterated method decreases both the MSE and the MAE by about 10%. 23
In the middle and lower panels d&ble 6the comparison is repeated for, respectively4
recessionary and expansionary periods. The most striking result is the major impreve-
ment of the ECM during recessions, for both forecast horizons. Yet, this finding showld
be interpreted with care since it is based on 18 observations only. 27
The second empirical example replicates and updates the analyd@mfton and 28
Perez-Quiros (1996 hey compared univariate and bivariate models, with and withoest
Markov switching, for predicting one step ahead the turning points of (quarterly) GRP
using the CL¢g as a leading indicator, named Gdc at that time. They found a minor 31
role for switching (and for the use of real time data rather than final revisions), aad
instead a positive role for cointegration. Our first example highlighted that cointegratien
is not that relevant for forecasting during most of the recent period, and we wongfer
whether the role of switching has also changed. We use monthly data on thg @@ 35
the CLlcg, with the same estimation and forecast sample as in the previous example.
The turning point probabilities for the linear models are computed by simulations,3as
described at the end of Sectiénl, using a two consecutive negative growth rule tes
identify recessions. For the MS we use the filtered recession probabilities. We alsozadd
to the comparison a probit model where the NBER based expansion/recession indigator
is regressed on six lags of the gl The NBER based expansion/recession indicator i
also the target for the linear and MS based forecasts, Haimilton and Perez-Quiros 42
(1996) 43
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Table 6
Forecast comparison of alternative VAR models for ggand CLicg

1 step-ahead 6 step-ahead 6 step-ahead
DYNAMIC ITERATED
Relative  Relative Relative Relative Relative Relative
MSE MAE MSE MAE MSE MAE
Whole sample
CCl+CLI VAR(2) 1 1 1 1 1 1
CCl AR(2) 1001 1010 0982 Q963" 1.063 1032
CCl + CLlI coint VECM(2) 1042 1074 1.067 1052 1115 1100
4 comp. of CClI VAR(2)  0.904* 0.976 Q975 Q0973 0854 0.911+*
+ CLI
CCl+10comp. VAR(l)  1.158** 1114%* 1035 1017 1133  1.100**
of CLI
4 comp. CCI VAR(1)  0.995 1029 1090 1035 0913 Q967
+ 10 comp. CLI
VAR(2) 0.075 0186 Q079 Q0216 Q075 0201
Recessions
CCl+CLI VAR(2) 1 1 1 1 1 1
CCl AR(2) 0988 Q975 Q0949 Q940 1303 1.154*
CCl + CLI coint VECM(2) 0681** 0.774** 0.744 0882 Q478**  0.626"**
4 comp. of CCI VAR(2) 0.703F 0.784* 0.825 0879 Q504*  0.672"*
+ CLI
CCl+10comp. VAR(1) 1.095 1009 1151 1131 1274 1.117
of CLI
4 comp. CCI VAR(1) 0.947 0852 1037 1034 Q614+  0.714**
+ 10 comp. CLI
VAR(2)  0.087 0258 Q096 Q0252 Q0163 0368
Expansions
CCI+CLI VAR(2) 1 1 1 1 1 1
CCl AR(2) 1002 1016 Q977 Q956" 0.997 1005
CCl + CLI coint VECM(2) 1090* 1.123** 1118 1081 1292 1.206***
4 comp. of CClI VAR(2)  0.931* 1.007 Q987 Q980 Q0952 0964
+ CLI
CCl+10comp. VAR(1) 1.166"* 1132** 1015 Q997 1093 1.096**
of CLI
4 comp. CCI VAR(1) 1.001 1058 1087 1029 Q997 1023
+ 10 comp. CLI
VAR(2) 0.074 Q177 Q076 0208 Q065 Q0183

Note: Forecast sample is: 1989:1-2003:12. First estimation sample is 1959:1-1988:12 (for 1 step-aheagd) or
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1959:1-1988:6 (for 6 step-ahead), recursively updated. Lag length selection by BIC. MSE and MAE are mean

square and absolute forecast error. VAR for gghnd CLlcg is benchmark.
*indicates significance at 10%,
**indicates significance at 5%,

40
41

***indicates significance at 1% of the Diebold—Mariano test for the null hypothesis of no significant differedze

in MSE or MAE with respect to the benchmark.

43
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Table 7

1
Turning point predictions )
Target Model Relative MSE Relative MAE 3
4
NBER univariate 10302 12685** 5
(1 step-ahead) univariate MS 3417 10431 6
bivariate 10020 10512 ;

bivariate MS 06095 04800+
probit CLI_CB 1 1 8
probit 00754 01711 o

[y
o

[
[

Note: One-step ahead turning point forecasts for the NBER expansion/recession
indicator. Linear and MS models [as lfamilton and Perez-Quiros (1996pr

CClcp and CLIcg. Six lags of CLLp are used in the probit model.

***indicates significance at 1% of the Diebold—Mariano test for the null hypoth-
esis of no significant difference in MSE or MAE with respect to the benchmark.

I
a » w N

16

In Table 7we report the MSE and MAE for each model relative to the probit, wheéé
the MSE is just a linear transformation of the QPS criterioDbold and Rudebusch
(1989, 19914, 1991@nd theDiebold and Mariano (1995gst for the statistical signif- ,,
icance of the loss differentials. The results indicate a clear preference for the bivarjate
MS model, with the probit a far second best, notwithstanding its direct use of the tgr-
get series as dependent variable. The turning point probabilities for the five models,are
graphed inFigure § together with the NBER dated recessions (shaded areas). The §ig-
ure highlights that the probit model misses completely the 2001 recession, while bgth
MS models indicate it, and also provide sharper signals for the 1990-1991 recession.
Yet, the univariate MS model also gives several false alarms. 27

Our third empirical application is a more detailed analysis of the probit model. n
particular, we consider whether the other composite leading indexes discussed in Sec-
tion 7.2, the CLkcRy, CLIoecp, and CLkw, or the three-month ten-year spread on they
treasury bill rates have a better predictive performance than thegCILhe estimation 31
and forecasting sample is as in the first empirical example, and the specification okthe
probit models is as in the second example, namely, six lags of each CLI are useg as
regressors (more specifically, the symmetric one month percentage changesder Ckd
and the one month growth rates for the other CLIs). We also consider a sixth prebit
model where three lags of each of the five indicators are included as regressors. 36

From Table 8 the model with the five indexes is clearly favored for one-step ahead
turning point forecasts of the NBER based expansion/recession indicator, with lage
and significant gains with respect to the benchmark, which is based on thg.Qllle 39
second best is the ECRI indicator, followed by OECD and SW. Repeating the analysis
for six month ahead forecasts, the gap across models shrinks, the term spread becomes
the first or second best (depending on the use of MSE or MAE), and the combinatioreof
the five indexes remains a good choice. Moreover, the models based on these varigbles
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Figure 6. One month ahead recession probabilities. The models are tli@d#ary Shaded areas are NBER
dated recessions.
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Table 8
Forecasting performance of alternative CLIs using probit models for NBER reces-
sion/expansion classification

Target Model Relative MSE Relative MAE
NBER CLI_CB 1 1
(1 step-ahead) CLI_SW .1 0664
CLI_ECRI 0588 Q597**
CLI_OECD Q719 Q714*
termspread 852 Q937
4 CLI + spread B65* 0.404*
NBER CLI_CB 1 1
(6 step-ahead) CLI_SW .a85 Q956
CLI_ECRI 0888 Q948
CLI_OECD Q912 0834
termspread F36* 0.726"**
4 CLI + spread B37+* 0.692**
CLI_CB 1 step-ahead .073 Q169
6 step-ahead .085 Q191

Note: Forecast sample is: 1989:1-2003:12. First estimation sample is 1959:1—
1988:12, recursively updated. Fixed lag length: 6 lags for the first four models and 3
lags for the model with all four CLIs (see text for details). MSE and MAE are mean
square and absolute forecast error. Probit model fogglis benchmark.

**indicates significance at 5%,

***indicates significance at 1% of the Diebold—Mariano test for the null hypothesis
of no significant difference in MSE or MAE with respect to the benchmark.

27
(and also those using the ECRI and OECD indexes) provided early warnings for bgth

recessions in the sample, dégures 7 and 8

The final empirical example we discuss evaluates the role of forecast combinatiog,as
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26

29

a tool for enhancing the predictive performance. In particular, we combine togetherthe

forecasts we have considered in each of the three previous examples, using either gqual
weights or the inverse of the MSEs obtained over the training sample 1985:1-1988;42.

The results are reported Table 9

34

In the case of forecasts of the growth rate of the €gClupper panel, the pooled ss

forecasts outperform most models but are slightly worse than the best performing sisgle

model, the VAR with the CLdg and the four components of the G{gl(compare with

37

Table §. The two forecast weighting schemes produce virtually identical results. Fer
NBER turning point prediction, middle panel d&ble 9 pooling linear and MS models 30

cannot beat the best performing bivariate MS model (comparehaitte 7, even when

40

using the better performing equal weights for pooling or adding the probit model with
the CLlcg index as regressor into the forecast combination. Finally, also in the case2of
probit forecasts for the NBER turning points, lower panellable 9 a single model 43
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Figure 7. One month ahead recession probabilities for alternative probit models. The models are those
Table 8 Shaded areas are NBER dated recessions. 22
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Figure 8. Six months ahead recession probabilities for alternative probit models. The models are those
Table 8 Shaded areas are NBER dated recessions. 22
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Table 9
Evaluation of forecast pooling

Combine Relative MSE Relative Relative Relative
MAE MSE MAE

Predicting CCI_CB growth

MSE-weighted Simple average
6 linear models (1 month) 0474 09824 09418* 0.9781
6 linear models (6 month dynamic) 8873 09100 08863 09082
6 linear models (6 month iterated) 9352 0.9776 09255* 0.9701

Predicting NBER turning points

MSE-weighted Simple average
4 linear and MS models (1 month) .8B83 11512 06676 Q9607
4 linear and MS models- probit (1 month) (8300 10989 06695 09686

Predicting NBER turning points

MSE-weighted Simple average
5 single index PROBIT (1 month) D423 0.8028** 0.7014* 0.7844*
5 single index PROBIH- all (1 month) 06900"* 0.7579** 0.6395* 0.7234**
5 single index PROBIT (6 months) .EB63** 0.9069* 0.8667* 0.8956*
5 single index PROBIF- all (6 months) B707+* 0.8695** 0.8538** 0.8569*

Note: Forecast sample is 1989:1-2003:12. The forecasts pooled in the upper panel are from the six nisdels
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22

in Table 6and the benchmark is the VAR(2). The forecasts pooled in the middle panel are from the modegls

in Table 7 including or excluding the probit, and the benchmark is the probit model with 6 lags @fgCid
regressor. The forecasts pooled in the lower panel are from the modelbla§ including or excluding the
probit with all indicators, and the benchmark is as in the middle panel.

**indicates significance at 5%,

25

27

***indicates significance at 1% of the Diebold—Mariano test for the null hypothesis of no significant differe@e

in MSE or MAE with respect to the benchmark.

performs better than the pooled forecast for both one and six month horizons (compare

Table §, and equal weights slightly outperforms MSE based weights for pooling.

10. Review of the recent literature on the performance of leading indicators

Four main strands of research can be identified in the recent literature on the evalu&tion
of the performance of leading indicators. First, the consequences of the use of real time

29
30

32
33
34
35
36

information on the composite leading index and its components rather than the fiaal

releases. Second, the assessment of the relative performance of the new models f&r the

coincident-leading indicators. Third, the evaluation of financial variables as leading4h-
dicators. Finally, the analysis of the behavior of the leading indicators during the t¥o

most recent US recessions as dated by the NBER, namely, July 1990—-March 199%and
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March 2001-November 2001 [see, eldcNees (1991Jor results on the previous re- 1
cessions]. We now review in turn the main contributions in each field, grouping together
the first two. 3

4

10.1. The performance of the new models with real time data 5
6

The importance of using real time data rather than final releases when evaluating the
performance of the composite leading indicators was emphasiZéebygld and Rude- s
busch (1991a, 1991b)rhe rationale is that the composite indexes are periodically
revised because of a variety of reasons including changes in data availability, timing
or definition, modifications in the standardization factors, but also the past tracking per-
formance of the index or some of its components; Bebold and Rudebusch (1988) 12
Swanson, Ghysels and Callan (199&) an assessment of the revision process for the
DOC-CB CLI, andCroushore (2006for an updated overview on the use of real tima4
data when forecasting. Therefore, an assessment of the usefulness of a compositettead-
ing index, even in a pseudo-real time framework but using the final release of the data,
can yield biased results. 17

Diebold and Rudebusch (1991b}timated a linear dynamic model for IP and thes
CLlI, using dynamic estimation, and evaluated the marginal predictive content of the
CLI in sample and recursively out of sample (for 1969-1988) using both finally ard
first released data for the CLI. While in the first two cases inclusion of the CLI in the
model systematically reduces the MSFE, in the third one the results are not clearzut
and depend on the lag-length and the forecast horizon. A similar finding emerges uging
the CCl instead of IP as the target variable, and wherNisiéci’'s (1982)algorithm is 24
adopted to predict turning points in IBiebold and Rudebusch (199)dpstead, using 25
an MS model for predicting turning pointisahiri and Wang (1994found the results to 26
be rather robust to the use of historical or revised data on the DOC CLI. 27

Filardo (1999)analyzed the performance of simple rules of thumb applied to the
CLlcp and of the recession probabilities computed udledtci’s (1982)formula, a lin- 29
ear model, a probit model, and SW’s CRI, using both final and first released data ever
the period 1977-1998. Overall, rules of thumb and the Neftci’'s formula applied to the
CLlcp performed poorly, better with ex-post data; probit and linear models were robgest
to the adoption of the real-time data, because of the use of mostly financial variables as
regressors, while SW’s CRI was not evaluated in real time. Since the models weresnot
directly compared on the same grounds, a ranking is not feasible but, overall, the results
point towards the importance of using real-time data for the CLI also over a different
and more recent sample thBiebold and Rudebusch (1991a, 1991b) 37

Hamilton and Perez-Quiros (1996Yaluated the usefulness of the DOC-CB CLI uss3s
ing linear and MS VARs, with and without cointegration, finding that the best modsel
for predicting GDP growth and turning points over the period 1975-1993 is the linear
VAR (cointegration matters in sample but not out of sample), and in this framework the
CLI appears to have predictive content also with real-time data. A similar conclusien
emerged from the analysis G@famacho and Perez-Quiros (200@) the period 1972— 43
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1998, even though they found that nonlinearity matters, the MS model was the best in
and out of sample. Even better is a combination of the MS model with the nonparametric
forecast described in Secti@n2 3

A few studies compared the models described in Sectfoand 8using the final 4
release of the data. Notice that this is less problematic in comparative analyses than
in single model evaluation since all the methods can be expected to be equally advan-
taged.Layton and Katsuura (200Xpnsidered logit and probit models, andrigardo 7
(1994)type time-varying (static) MS model, using the ECRI coincident and leading if-
dexes. The latter model performed best in a pseudo-real time evaluation exercise ©ver
the period 1979-1999, and was found to be quite useful in dating the business cycle
in Layton (1998) confirming the findings ifrilardo (1994) InsteadBirchenhall et al. 11
(1999)found more support for the probit model than for the MS specification. 12

13

10.2. Financial variables asleading indicators 14
15
Though financial variables have a long history as leading indicatorsMitghell and 16
Burns (1938)included the Dow Jones composite index of stock prices in their list of
leading indicators for the US economy, a systematic evaluation of their forecasting per-
formance started much later, in the '80s, and since then attracted increased attention.
Stock and Watson (2003b3viewed over 90 articles dealing with the usefulness of fio
nancial indicators for predicting output growth (and inflation), and we refer to them and
to Kozicki (1997)andDotsey (1998Y¥or details on single studies. They also provided:z
their own evaluation using several indicators for the G7 countries and, on the basis of
the survey and of their results, concluded that some asset prices have significantzpre-
dictive content at some times in some countries, but it is not possible to find a sirggle
indicator with a consistently good performance for all countries and time periods. Whie
pooling provided a partial solution to the instability proble®tock and Watson (2003a) 27
suggested that *. thechallenge is to develop methods better geared to the intermittest
and evolving nature of these predictive relations” (p. 4). 29
The evidence reported in the previous and next subsection indeed points towardsothe
usefulness of models with time-varying parameters, and also confirms the necessity
of a careful choice of the financial variables to be used as leading indicators andzof
a continuous monitoring of their performance. A rapid survey of the literature on the
interest rate spreads provides a clear and valuable illustration and clarification for #his
statement. 35
As mentioned in Sectiofi.2, Stock and Watson (1989 cluded two spreads into 36
their CLI, a paper-bill spread (the difference between the 6-month commercial pager
rate and the 6-month Treasury bill rate) and a term spread (the difference betweensthe
10-year and the 1-year Treasury bond rates). 39
The paper-bill spread tends to widen before a recession reflecting expectatiorss of
business bankruptcies, corporations’ growing cash requirements near the peak ofithe
business cycle, and tighter monetary policy (the paper rate rises because banks deny
loans due to the restricted growth of bank reserves, so that potential borrowers geek
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funds in the commercial paper marker). Yet, the paper bill-spread could also change
for other reasons unrelated to the business cycle, such as changes in the Treasury’s
debt management policy, or foreign central banks interventions in the exchange market
since a large amount of their reserves in dollars are invested in Treasury bills; see, €.9.,
Friedman and Kutnner (1998)ho found these reasons capable of explaining the bad
leading performance of the paper-bill spread for the 1990-1991 recession, combéned
with the lack of a tighter monetary policy. The performance for the 2001 recession was
also unsatisfactory, the spread was small and declining from August 2000 to the ersl of
2001, see also the next subsection. 9

The term spread has two components, expected changes in interest rates and theoterm
premium for higher risk and/or lower liquidity. Therefore the commonly observed neg-
ative slope of the term structure prior to recession, i.e., long term rates becoming lower
than short term ones, can be due either to lower expected short term rates (signaling ex-
pansionary monetary policy) or to lower term prenti@milton and Kim (2002jound 14
both components to be relevant for forecasting output growth, with the former dominat-
ing at longer forecast horizons. The bad leading performance of the term spread for¢he
1990-1991 recession is also typically attributed to the lack of a tighter monetary pol-
icy in this specific occasion. The term spread became instead negative from June 2000
through March 2001, anticipating the recession of 2001, but the magnitude was so small
by historical standards that, for example, SW’s composite leading index did not siggeal
the recession, see also the next subsection. 21

Gertler and Lown (20003uggested to use the high-yield (junk)/AAA bond spreae?
as a leading indicator, since it is less sensitive to monetary policy and provides a g&od
proxy for the premium for external funds, i.e., for the difference between the costsof
external funds and the opportunity costs of using internal funds. The premium for &x-
ternal funds moves countercyclically, since during expansions the borrowers’ finangial
position typically improves, and this further fosters the aggregate activity; see, €2g.,
Bernanke and Gertler (1988r a formalization of this final accelerator mechanismzs
Therefore, a widening high-yield spread signals a deterioration of economic conditions.
Gertler and Lown (2000pund that after the mid '80s the high-yield spread had a better
forecasting performance than both the paper-bill and the term spreads for the US GDP
growth, also providing a warning for the 1990-1991 recession. Yet, as for the paper3pill
spread, the high-yield spread can also change for reasons unrelated with the business cy-
cle, such as confidence crises in emerging markets. In partiQuag (1999)ndicated 34
that the widening of the spread prior to the 1990-1991 recession could be an accidental
event related with the thrift crisis and the associated sale of junk bonds in an illiqedd
market. 37

A related question of interest is whether it is better to use a financial indicator in is®-
lation or as a component of a composite indestrella and Mishkin (1998)n probit 39
regressions using the term-spread, the &gl.tthe CLIsy, and some of their compo- 40
nents, concluding that both in sample and out of sample the spread yields the largest
forecasting gains. Moreover, addition of other regressors is in general harmful, exaept
for the NYSE index returns. Similar conclusions emerged from the analyBiséker 43
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(1997) who also used more complicated versions of the probit model, allowing for
dynamics and Markov switching parametegi. (2001) also obtained a similar find- 2
ing using the neural network model described in Secldh The CLlsyw was best at 3
1-quarter forecast horizon, but the term spread at 2- to 6-quarter horizon. Yet, she also
detected substantial instability of the results over different decades, namely, the '70s,
'80s, and '90sEstrella, Rodrigues and Schich (20G8%0 found some instability for ©
the US, more so when the dependent variable is the GDP growth rate than when it’is a
binary expansion/recession indicator. &
Chauvet and Potter (2001dgtected substantial instability also in the probit modéel
when it is estimated with the Gibbs sampler. Moreover, the date of the break has a nidjor
role in determining the predictive performance of the spread, for example, the probail-
ity of a future recession are about 45% in December 2000 when no break is assuthed
but increase to 90% imposing a break in 1984. Unfortunately, there is considerable'in-
certainty about the break date, so that the posterior mean probability of recession ac¢foss
all break dates is 32% with a 95% interval covering basically the wil#] interval.  *°
Chauvet and Potter (2001bxtended the basic probit model to allow for parameter in®
stability, using a time-varying specification, and also for autocorrelated errors. Thodgh
the more complicated models performed better, along the linBsieker (1997)they  *°
provided a weaker signal of recession in 2001 in a real-time evaluation exercise.
Finally, positive results on the leading properties of the term spread and other firfdn-
cial variables for other countries were reported, e.gDhyis and Henry (1994pavis 2
and Fagan (1997Estrella and Mishkin (1997 Estrella, Rodrigues and Schich (2003)
andMoneta (2003)Yet, Moneta (2003¥ound also for the Euro area a deterioration i |n
the relative leading characteristics of the spread after the '80s, and an overall unszatls—

factory performance in predicting the Euro area recession of the early '90s. 25

27
28
29
Stock and Watson (1998pnducted a detailed analysis of possible reasons for the fai-
ure of their CRI to produce early warnings of the 1990-1991 recession. They couldsfot
detect any signs of model failure or mis-specification and therefore concluded thatsthe
major problem was the peculiar origin of this recession compared with its predecessers,
namely, a deterioration in the expectations climate followed by a drop in consumptian.
In such a case, the treasury bill yield curve, exchange rates, and partly IP proviged
wrong signals. Only three other leading indicators in their set gave moderate negative
signals, part-time work, building permits and unfilled orders, but they were not suffi-
ciently strong to offset the other indicators. 38
Phillips (1998-1999kompared the performance of the GRI and of the CLgg 39
and the term spread, transformed into probabilities of recession Nsfigi's (1982) 40
formula, for forecasting the 1990-1991 recession using real time data. He found thatthe
CLlcp produced the best results. Moreover, the SW's index modified to allow for longer
lags on the term and quality spreads worked better in sample but not for this recession.

10.3. The 1990-1991 and 2001 USrecessions
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Chauvet (1998also used a real time dataset to produce recession forecasts fromther
dynamic MS factor model, and found that the filtered probability of recession peaked
beyond 0.5 already at the beginning of 1990 and then in May of that year. 3

Filardo and Gordon (199%pontrasted a linear VAR model, an MS model with time+4
varying parameters, the SW’'s model, and an MS factor model with time-varying pa-
rameters, along the lines &hauvet (1998)All models were estimated using Gibbs®
sampling technigues, and compared on the basis of the marginalized likelihoods’and
Bayes factors in 1990, as suggesteddmsweke (1994)since these guantities are eas?®
ily computed as a by-product of the estimation. They found that all models perfornfed
comparatively over the period January—June, but in the second part of the year, when
the recession started, the MS model was ranked first, the VAR second, and the fd&tor
model third, with only minor differences between the two versions. 12

Filardo (2002) using the same models ashitardo (1999¥ound that the two-month
rule on the CLtg worked well in predicting the 2001 recession, but sent several faI%e
alarms in the '90s. A probit model with a 3-month forecast horizon and the term spread
corporate spread, S&P500 returns and thedglds regressors also worked well, pre-
dicting the beginning of the recession in January 2001 using a 50% rule. Instead, the
CRIsw did not perform well using a 50% rule, while SW’s CRI-C (contemporaneous
worked better but was subject to large revisions.

Stock and Watson (2003apalyzed in details the reasons for the poor performance
of the CRI, concluding that is was mostly due to the particular origin of the recessggn
(coming from the decline in stock prices and business investment), which is not properly
reflected by most of the indicators in their CRI. In particular, the best indicators for tfje
GDP growth rate were the term spread, the short term interest rate, the junk bond spread,
stock prices, and new claims for unemployment. Notice that most of these variables,are
included inFilardo’s (2002)probit models. Moreover, they found that pooled forecastg
worked well, but less well than some single indicators in the list reported above. 4

Dueker (2003found that his Qual-VAR predicted the timing of the 2001 recessiop
quite well relative to the professional forecasters, while the evidendugker and 4,
Wesche (2001)s more mixed.Dueker (2002)noticed that an MS-probit model with 5,
the CLlcg as regressor worked also rather well in this occasion, providing a 6-month
warning of the beginning of the recession (but not in the case of the previous reges-
sion). 34

Overall, some differences in the ranking of models and usefulness of the leadingin-
dicators emerged because of the choice of the specific coincident and leading variagles,
sample period, criteria of evaluation, etc. Yet, a few findings are rather robust. Figst,
indicator selection and combination methods are important, and there is hardly asne
fits all choice, even though financial variables and the equal weighteggGdem to 39
have a good average performance. Second, the model that relates coincident andsead-
ing indicators also matters, and an MS feature is systematically helpful. Finally, poolig
the forecasts produced good results whenever applied, even though there is only limited
evidence as far as turning points are concerned. 43

13
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11. What have we learned? 1
2
The experience of the last two recessions in the US confirmed that these are diffi-
cult events to predict, because the generating shocks and their propagation mechanism
change from time to time, and there is a very limited sample to fit the more and mére
complex models that try to capture these time-varying features. Nonetheless, the recent
literature on leading indicators provided several new useful insights for the prediction
of growth rates and turning points of a target variable. 8
The first set of improvements is just in the definition of the target variable. In Sec-
tion 5 we have seen that several formal procedures were developed to combine coinci-
dent indicators into a composite index, which is in general preferable to monitoringta
single indicator because of its narrower coverage of the economy. In practice, the rew
model based CCls are very similar to the old-style equal averages of the (standardized)
coincident indicators, such as the gJ but they provide a sounder statistical frame14
work for the use and evaluation of the CCls. More sophisticated filtering procedures
were also developed to emphasize the business cycle information in a CCl, as detaled
in Section3, even though substantial care should be exerted in their implementation#to
avoid phase shifts and other distortions. New methods were also developed for dating
the peaks and troughs in either the classical or the deviation cycle. They closely repro-
duce the NBER dating for the US and the CEPR dating for the Euro area, but are more
timely and can also provide a probabilistic measure of uncertainty around the dated
turning points. 22
The second set of advances concerns the construction of leading indicators. While
there was general agreement on the characteristics of a good leading indicator, sueh as
consistent timing or conformity to the general business cycle, in Se2ixmhave seen 25
that there are now better methods to formally test the presence of these characteristics
and assess their extent. Moreover, there were several developments in the construction
of the composite leading indexes, ranging from taking into explicit account data preb-
lems such as missing values or measurement error, to an even more careful variable
selection relying on new economic and statistical theories, combined with sounder ®ta-
tistical procedures for merging the individual leading indicators into a CLI, as descrilzed
in Sectionss and 7 32
The third, and perhaps most important, set of enhancements is in the use of the ksad-
ing indicators. In Section§ and 8we have seen that simple rules to transform a CL34
into a turning point forecast have been substituted with sophisticated nonlinear @nd
time-varying models for the joint evolution of the coincident and leading indicators.
Moreover, mainly using simulation-based techniques, it is now rather easy to use a
model to produce both point and probability and duration forecasts. 38
The final set of improvements is in the evaluation of leading indicators. In Sextione
we have seen that formal statistical methods are now available to assess the forecasting
performance of leading indicators, possibly combined with the use of real time data
to prevent biased favorable results due to revisions in the composition of the Cls.
Moreover, the overview in SectidlO of the forecasting performance over the two mosts
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recent recessions in the US has provided some evidence in favor of the forecasting
capabilities of CLlIs, in particular when simple weighting procedures are applied te a
rather large set of indicators, combined with sophisticated models for the resulting €LI
and the target variable. 4
Notwithstanding the substantial progress in the recent years, there is still consieler-
able scope for research in this area. For example, it might be useful to achieve a stranger
consensus on the choice of the target variable, and in particular on whether the classi-
cal cycle is really the target of interest or a deviation cycle could provide more useful
information. The collection of higher quality monthly series and the development<of
better methods to handle data irregularities also deserve attention. But the crucialiele-
ment remains the selection of the leading variables, and of the weighting scheme.for
their combination into a CLI. Both choices should be made endogenous and frequently
updated to react to the changing shocks that hit the economy, and further progress is
required in this area. Forecast pooling could provide an easier method to obtain mere
robust predictions, but very limited evidence is available for turning point and duration
forecasts. It is also worth mentioning that while in this chapter we have focused on real
activity as the target variable, other choices are possible such as inflation or a stock
market index [see, e.g., the contributiond_ahiri and Moore (199])and most of the 18

developments we have surveyed could be usefully applied in these related contextse
20

21

Uncited references 22
23
[Simpson, Osborn and Sensier (2001) 24
25
26
References 27

28

Albert, J, Chib, S.(1993a). “Bayesian analysis via Gibbs sampling of autoregressive time series subjecigto
Markov mean and variance shifts”. Journal of Business and Economic Statistics 11, 1-15. 30

Albert, J, Chib, S.(1993b). “Bayesian analysis of binary and polychotomous response data”. Journal ofgye
American Statistical Association 88, 669-679.

Altissimo, F, Bassanetti, A.Cristadoro, R.Forni, M., Lippi, M., Reichlin, L, Veronese, G(2001). “Euro-
Coin: A real time coincident indicator of the Euro area business cycle”. CEPR Working Paper 3108. 33

Anderson, H.M, Vahid, F.(2001). “Predicting the probability of a recession with nonlinear autoregressiva
leading-indicator models”. Macroeconomic Dynamics 5, 482-505. 35

Artis, M.J,, Banerjee, A.Marcellino, M. (2005). “Factor forecasts for the UK". Journal of Forecasting. In36
press.

Artis, M.J, Galvao, A.B, Marcellino, M.(2003). “The transmission mechanism in a changing world”. CEPRY

32

Working Paper No. 4014. 38
Artis, M.J, Krolzig, H.-M., Toro, J.(2004). “The European business cycle”. Oxford Economic Papers 56 (139
1-44. 0

Artis, M.J,, Marcellino, M.(2001). “Fiscal forecasting: The track record of IMF, OECD and EC". Econometz
rics Journal 4, s20—-s36.

Artis, M.J, Marcellino, M, Proietti, T.(2004). “Dating the Euro area business cycle”. Oxford Bulletin of*?
Economics and Statistics 66, 537-565. 43

1



© 0 N o g b~ W N P

AR D D W®OW W W W W WWWWNNRNDNDRNDRNNRNRNNERR R B BB R s e
W N P O © ® N & 0o ® NP O © ® N o0 g A~ ONP O © o N o M ®WN P O

Ch. 16: Leading Indicators 953

Artis, M.J, Osborn, D, Bladen-Hovell, R. Smith, G, Zhang, W.(1995). “Turning point prediction for the 1
UK using CSO leading indicators”. Oxford Economic Papers 4, July. 2
Artis, M.J, Canova, F.Gali, J, Giavazzi, F, Portes, R.Reichlin, L, Uhlig, H., Weil, P.(2003). “Business 5
cycle dating committee of the Centre for Economic Policy Research”. CEPR. 4
Auerbach, A.J(1982). “The index of leading indicators: “Measurement without theory”, thirty-five years
later”. Review of Economics and Statistics 64 (4), 589-595. 5
Bai, J.(2003). “Inferential theory for factor models of large dimensions”. Econometrica 71, 135-171. 6
Bai, J, Ng, S.(2002). “Determining the number of factors in approximate factor models”. Econometrica 70
(1), 191-221. 8
Bai, J, Ng, S.(2003). “Confidence intervals for diffusion index forecasts with a large number of predictors”.
Working Paper, University of Michigan. 9
Banerjee, A.N.Marcellino, M. (2005). “Are there any reliable leading indicators for US inflation and GDF.0
growth?” International Journal of Forecasting. In press. 11
Banerjee, A.N.Marcellino, M, Masten, 1.(2005). “Forecasting macroeconomic variables for the accessiop
countries”. In: Artis, M., Banerjee, A., Marcellino, M. (Eds.), The European Enlargement: Prospects ?Qd
Challenges. Cambridge University Press, Cambridge. In press.
Bates, J.M. Granger, C.W.J(1969). “The combination of forecasts”. Operations Research Quarterly oY

451-468. 15
Baxter, M, King, R.G. (1999). “Measuring business cycles: Approximate band-pass filters for macroeae-
nomic time series”. Review of Economics and Statistics 81 (4), 575-593. 17

Bernanke, B.S.Gertler, M.L.(1989). “Agency costs, net worth, and business fluctuations”. American Eco-
nomic Review 79, 14-31.

Bernard, H, Gerlach, $(1998). “Does the term structure predict recessions? The international evidencE.
International Journal of Finance and Economics 3, 195-215. 20

Birchenhall, C.R.Osborn, D.R.Sensier, M(2001). “Predicting UK business cycle regimes”. Scottish Jours
nal of Political Economy 48 (2), 179-195. 22

Birchenhall, C.R.Jessen, H.Osbhorn, D.R. Simpson, P(1999). “Predicting US business cycle reglmes”
Journal of Business and Economic Statistics 17 (3), 313—-323.

Boehm, E.A(2001). “The contribution of economic indicator analysis to understanding and forecasting bi#4i-
ness cycles”. Indian Economic Review 36, 1-36. 25

Boivin, J, Ng, S.(2003). “Are more data always better for factor analysis”. NBER Working Paper No. 98295
Journal of Econometrics. In press.

Boldin, M.D. (1994). “Dating turning points in the business cycle”. Journal of Business 67 (1), 97-131.

Boschan, G.Banerji, A.(1990). “A reassessment of composite indexes”. In: Klein, P.A. (Ed.), Analyzinﬁ8
Modern Business Cycles. M.E. Sharpe, Armonk, NY. 29

Brillinger, D.R.(1981). Time Series Data Analysis and Theory. Holt, Rinehart, and Winston, New York. 30

Bry, G, Boschan, C(1971). “Cyclical analysis of time series: Selected procedures and computer programs”.
Technical Paper 20, NBER. Columbia University Press.

Burns, A.F, Mitchell, W.C. (1946). “Measuring business cycles”. NBER Studies in Business Cycles No. 52
New York. 33

Camacho, M(2004). “Vector smooth transition regression models for US GDP and the composite index3éf
leading indicators”. Journal of Forecasting 23 (3), 173-196. 35

Camacho, M.Perez-Quiros, G2002). “This is what the leading indicators lead”. Journal of Applied Econog
metrics 17 (1), 61-80.

Camba-Mendez, GKapetanios, G.Smith, R.J, Weale, M.R.(2001). “An automatic leading indicator of
economic activity: Forecasting GDP growth for European countries”. Econometrics Journal 4 (1), S&6—
S90. 39

Canova, F(1999). “Reference cycle and turning points: A sensitivity to detrending and classification rulegy.
Economic Journal 112, 117-142. .

Canova, F(2004). Methods for Applied Macroeconomic Research. Princeton University Press. In press.

Canova, F.Ciccarelli, M.(2001). “Forecasting and turning point predictions in a Bayesian panel VAR modef*?
Journal of Econometrics 120 (2), 327-359. 43

6
37



© 0 N oo g b~ W N P

A B BB WOWWW W W W W WWN DN NDNNNDNDNDNDN R R P RP RBP PR R R
W N P O © 0 N O 0o b WN PP O © © N O g b~ WOWN P O © 0 N o o b W N B O

954 M. Marcellino

Canova, F.Ciccarelli, M. (2003). “Panel index VAR models: Specification, estimation, testing and leadirig
indicators”. CEPR Discussion Paper No. 4033. 2

Carriero, A, Marcellino, M. (2005). “Building composite coincident indicators for European countries”’s
Mimeo, Bocconi University.

Carter, C.K, Kohn, R.(1994). “On Gibbs sampling for state space models”. Biometrika 81, 541-555.

Chauvet, M.(1998). “An econometric characterization of business cycle dynamics with factor structure and

4

regime switching”. International Economic Review 39 (4), 969—996. 6
Chauvet, M, Piger, J.M.(2003). “Identifying business cycle turning points in real time”. Federal Reserve
Bank of St. Louis Review 85 (2), 13-26. 8

Chauvet, M, Potter, S(2001a). “Predicting a recession: Evidence from the yield curve in the presencegof
structural breaks”. Economic Letters 77 (2), 245-253.
Chauvet, M, Potter, S(2001b). “Forecasting recessions: Using the yield curve”. Staff Reports 134, Fedetdl

Reserve Bank of New York. Journal of Forecasting. In press. 1
Chen, C.W.S.Lee, J.C(1995). “Bayesian inference of threshold autoregressive models”. Journal of Timm2
Series Analysis 16, 483—-492. 13

Chin, D, Geweke, J.Miller, P. (2000). “Predicting turning points”. Federal Reserve Bank of Minneapolig,
Staff Report No. 267.

Christiano, L, Fitzgerald, T(2003). “The band pass filter”. International Economic Review 44 (2), 435—46%5

Clark, T.E, McCracken, M.W(2001). “Test of equal forecast accuracy and encompassing for nested model$”.
Journal of Econometrics 105, 85-100. 17

Clements, M.RHendry, D.F(1996). “Multi-step estimation for forecasting”. Oxford Bulletin of Economics1s
and Statistics 58, 657-684.

Clements, M.R.Hendry, D.F,(1999). Forecasting Non-Stationary Economic Time Series. MIT Press, Caly
bridge, MA.

Corradi, V, Swanson, N.R(2006). “Density and interval forecasting”. In: Elliott, G., Granger, C.W.J., Tim*2*
mermann, A. (Eds.), Handbook of Economic Forecasting. Elsevier, Amsterdam. Chapter 5 in this voludde.

Croushore, D(2006). “Real-time data”. In: Elliott, G., Granger, C.W.J., Timmermann, A. (Eds.), Handboas
of Economic Forecasting. Elsevier, Amsterdam. Chapter 17 in this volume. 24

Davis, E.P.Fagan, G(1997). “Are financial spreads useful indicators of future inflation and output growth i&
EU countries?” Journal of Applied Econometrics 12, 701-714.

Davis, E.R, Henry, S.G.B.(1994). “The use of financial spreads as indicator variables: Evidence for th&

United Kingdom and Germany”. IMF Staff Papers 41, 517-525. 27
Del Negro, M.(2001). “Turn, turn, turn: Predicting turning points in economic activity”. Federal Resenas
Bank of Atlanta Economic Review 87. 29

Diebold, F.X, Lee, J.-H, Weinbach, G.C(1994). “Regime switching with time-varying transition prob
abilities”. In: Hargreaves, C. (Ed.), Non-Stationary Time-Series Analyses and Cointegration. Oxford
University Press, Oxford, pp. 283-302.

Diebold, F.X, Mariano, R.(1995). “Comparing predictive accuracy”. Journal of Business and Economfé
Statistics 13, 253-263. 33

Diebold, F.X, Rudebusch, G.D(1988). “Stochastic properties of revisions in the index of leading indicags
tors”. In: Proceedings of the Business and Economic Statistics Section. American Statistical Associagjon,
pp. 712-717.

Diebold, F.X, Rudebusch, G.D(1989). “Scoring the leading indicators”. The Journal of Business 62 (3f'
369-391.

Diebold, F.X, Rudebusch, G.01990). “A nonparametric investigation of duration dependence in the AmeB8
ican business cycle”. Journal of Political Economy 98, 596-616. 39

Diebold, F.X, Rudebusch, G.001991a). “Turning point prediction with the composite leading index: An ex,,
ante analysis”. In: Lahiri, K., Moore, G.H. (Eds.), Leading Economic Indicators: New Approaches and
Forecasting Records. Cambrldge University Press, Cambridge, UK, pp. 231-256.

Diebold, F.X, Rudebusch, G.D(1991b). “Forecasting output with composite leading index: A real-timé?
analysis”. Journal of the American Statistical Association 86 (415), 603-610. 43



© 0 N o g b~ W N P

AR D D W®OW W W W W WWWWNNRNDNDRNDRNNRNRNNERR R B BB R s e
W N P O © ® N & 0o ® NP O © ® N o0 g A~ ONP O © o N o M ®WN P O

Ch. 16: Leading Indicators 955

Diebold, F.X, Rudebusch, G.[(1996). “Measuring business cycles: A modern perspective”. The Review &f
Economics and Statistics 78 (1), 67-77. 2

Diebold, F.X, Rudebusch, G.DSichel, D.E.(1993). “Further evidence on business cycle duration depens
dence”. In: Stock, J.H., Watson, M.W. (Eds.), Business Cycles, Indicators, and Forecasting. The Univeﬁsity
of Chicago Press, Chicago, pp. 255-280.

Doan, T, Litterman, R, Sims, C.(1984). “Forecasting and conditional projection using realistic prior distri®

butions”. Econometric Reviews 3, 1-100. 6
Dotsey, M.(1998). “The predictive content of the interest rate term spread for future economic growth”.
Federal Reserve Bank of Richmond Economic Quarterly 84 (3), 31-51. 8

Duca, J.V.(1999). “What credit market indicators tell us”. Federal Reserve Bank of Dallas Economic a&d
Financial Review 1999:Q3, 2—-13.
Dueker, M.J.(1997). “Strengthening the case for the yield curve as a predictor of US recessions”. Fedtfal

Reserve Bank of St. Louis Review 79 (2), 41-51. 1
Dueker, M.J(2002). “Regime-dependent recession forecasts and the 2001 recession”. Federal ReserveiBank
of St. Louis Review 84 (6), 29-36. 13

Dueker, M.J.(2003). “Dynamic forecasts of qualitative variables: A Qual VAR model of US recessions,
Journal of Business and Economic Statistics. In press. 15
Dueker, M.J, Wesche, K(2001). “Forecasting output with information from business cycle turning points:

A qualitative variable VAR". Federal Reserve Bank of St. Louis Working Paper 2001-019B. 16
Durland, J.M, McCurdy, T.H. (1994). “Duration-dependent transitions in a Markov model of US GNR7
growth”. Journal of Business and Economic Statistics 12, 279-288. 18

Eichengreen, BWatson, M.W, Grossman, R.§1985). “Bank rate policy under the interwar gold standard”., 4
Economic Journal 95, 725-745. 20
Elliott, G., Komunjer, |, Timmermann, A(2003). “Estimating loss function parameters”. CEPR Discussion
Papers No. 3821. Submitted Review of Economic Studies. 21
Emerson, R.A.Hendry, D.F.(1996). “An evaluation of forecasting using leading indicators”. Journal o#2
Forecasting 15, 271-291. 23
Estrella, A, Mishkin, F.S.(1997). “The predictive power of the term structure of interest rates in Europg
and the United States: Implications for the European Central Bank”. European Economic Reviewzél,
1375-1401.
Estrella, A, Mishkin, F.S.(1998). “Predicting US recessions: Financial variables as leading indicators”. TRR
Review of Economics and Statistics 80 (1), 45-61. 27
Estrella, A, Rodrigues, A.R.Schich, S.(2003). “How stable is the predictive power of the yield curve?2s
Evidence from Germany and the United States”. Review of Economics and Statistics 85 (3), 629—6444
Fair, R.(1993). “Estimating event probabilities from macroeconomic models using stochastic simulatiog;’.
In: Stock, J.H., Watson, M.W. (Eds.), Business Cycles, Indicators, and Forecasting. The Universitg of
Chicago Press, Chicago, pp. 157-178. !
Filardo, A.J.(1994). “Business cycle phases and their transitional dynamics”. Journal of Business and B8&o-
nomic Statistics 12 (3), 299-308. 33
Filardo, A.J.(1999). “How reliable are recession prediction models?” Federal Reserve Bank of Kansas Gity
Economic Review 84 (2), 35-55. 35
Filardo, A.J.(2002). “The 2001 US recession: What did recession prediction models tell us?” Paper prepgged
for a book honoring Geoffrey H. Moore, Bank for International Settlements.
Filardo, A.J, Gordon, S.F(1994). “International co-movements of business cycles”. Research Working Pagér
94-11, Federal Reserve Bank of Kansas. 38
Filardo, A.J, Gordon, S.F(1998). “Business cycle durations”. Journal of Econometrics 85, 99-123. 39
Filardo, A.J, Gordon, S.F(1999). “Business cycle turning points: Two empirical business cycle model agy
proaches”. In: Rothman, P. (Ed.), Nonlinear Time Series Analysis of Economic and Financial Data, voAIul.
Kluwer Academic, pp. 1-32. Chapter I.
Forni, M., Hallin, M., Lippi, M., Reichlin, L.(2000). “The generalized factor model: Identification and esti*?
mation”. The Review of Economics and Statistics 82 (4), 540-554. 43



© 0 N oo g b~ W N P

A B BB WOWWW W W W W WWN DN NDNNNDNDNDNDN R R P RP RBP PR R R
W N P O © 0 N O 0o b WN PP O © © N O g b~ WOWN P O © 0 N o o b W N B O

956 M. Marcellino

Forni, M., Hallin, M., Lippi, M., Reichlin, L.(2001). “Coincident and leading indicators for the Euro area”1
The Economic Journal 111 (May), C62—-C85. 2

Forni, M., Hallin, M., Lippi, M., Reichlin, L. (2003a). “The generalized dynamic factor model: One-sided
estlmatlon and forecastlng" Journal of the American Statistical Association. In press.

Forni, M., Hallin, M., Lippi, M., Reichlin, L.(2003b). “Do financial variables help forecasting inflation and
real activity in the Euro area?” Journal of Monetary Economics 50, 1243-1255.

Friedman, B.M, Kutnner, K.N.(1998). “Indicator properties of the paper-bill spread: Lessons from recefit
experience”. The Review of Economics and Statistics 80 (1), 34—44. 7

Fuhrer, J.G.Rudebusch, G.[02004). “Estimating the Euler equation for output”. Journal of Monetary Ecog
nomics 51 (September), 1133-1153.

Fuhrer, J.G.Schuh, S(1998). “Beyond shocks: What causes business cycles? An overview”. Proceedlngs
from the Federal Reserve Bank of Boston Conference Series No. 42, pp. 1-31.

Gertler, M, Lown, C.S.(2000). “The information in the high yield bond spread for the business cycle: Evid
dence and some implications”. NBER Working Paper Series No. 7549. 12

Geweke, J(1977). “The dynamic factor analysis of economic time series”. In: Aigner, D.J., Goldberger, A$S.
(Eds.), Latent Variables in Socio-Economic Models. North-Holland, Amsterdam. Chapter 19.

Geweke, J(1994). “Variable selection and model comparison in regression”. In: Berger, J.O., Bernardo, J.M.,
Dawid, A.P., Smith, A.F.M. (Eds.), Proceedings of the Fifth Valencia International Meetings on Bayesian
Statistics. 16

Geweke, J.Terui, N.(1993). “Bayesian threshold autoregressive models for nonlinear time series”. Jourtal
of Time Series Analysis 14, 441-455. 18

Geweke, J.Whiteman, C.H(2006). “Bayesian forecasting”. In: Elliott, G., Granger, C.W.J., Timmermann,
A. (Eds.), The Handbook of Economic Forecasting. Elsevier, Amsterdam. Chapter 1 in this volume. 20

Granger, C.W.JMachina, M.J(2006). “Decision theory and forecasting”. In: Elliott, G., Granger, C.W.J.,
Timmermann, A. (Eds.), The Handbook of Economic Forecasting. Elsevier, Amsterdam. Chapter 2 inthis

volume. 22
Granger, C.W.JRamanathan, R1984). “Improved methods of combining forecasts”. Journal of Forecasts
ing 3, 197-204. 24

Granger, C.W.J.Terasvirta, T. Anderson, H.M.(1993). “Modelling nonlinearity over the business cycle”.
In: Stock, J.H., Watson, M.W. (Eds.), Business Cycles, Indicators, and Forecasting. The Unlver5|ty of
Chicago Press, Chicago, pp. 311-325.

Hall, R.E, Feldstein, M, Frankel, J.Gordon, R, Romer, C, Romer, D, Zarnowitz, V.(2003). “The NBER's 27
recession dating procedure”. Business Cycle Dating Committee, National Bureau of Economic Reseasch.

Hamilton, J.D(1989). “A new approach to the economic analysis of nonstationary time series and the busipgss
cycle”. Econometrica 57, 357-384.

Hamilton, J.D.(1994). Time Series Analysis. Princeton University Press, Princeton.

Hamilton, J.D.(2003). “Comment on a comparison of two business cycle dating methods”. Journal of E2b-

30

nomic Dynamics and Control 27 (9), 1691-1694. 32
Hamilton, J.D, Kim, D.H. (2002). “A re-examination of the predictability of economic activity using the yield3
spread”. Journal of Money, Credit and Banking 34, 340-360. 34

Hamilton, J.D, Perez-Quiros, G(1996). “What do the leading indicators lead?” The Journal of Business 62
(1), 27-49. 36
Hamilton, J.D, Raj, B.(2002). “New directions in business cycle research and financial analysis”. Empirical

Economics 27 (2), 149-162. 37
Harding, D, Pagan, A.R(2002). “Dissecting the cycle: A methodological investigation”. Journal of Monetar$8
Economics 49 (2), 365-381. 39

Harding, D, Pagan, A.R(2003). “A comparison of two business cycle dating methods”. Journal of Economjg
Dynamics and Control 27 (9), 1681-1690.

Harding, D, Pagan, A.R(2005). “Synchronisation of cycles”. Journal of Econometrics. In press.

Hardle, W, Vieu, P.(1992). “Kernel regression smoothing of time series”. Journal of Time Series Analysis 13,
209-232. 43

41



© 0 N o g b~ W N P

AR D D W®OW W W W W WWWWNNRNDNDRNDRNNRNRNNERR R B BB R s e
W N P O © ® N & 0o ® NP O © ® N o0 g A~ ONP O © o N o M ®WN P O

Ch. 16: Leading Indicators 957

Hendry, D.F(1995). Dynamic Econometrics. Oxford University Press, Oxford. 1

Hendry, D.F, Krolzig, H.-M. (1999). “Improving on ‘data mining reconsidered’ by K.D. Hoover and2
S. Perez”. Econometrics Journal 2, 167-191.

Hendry, D.F, Krolzig, H.-M. (2001). “Computer automation of general-to-specific model selection proce-
dures”. Journal of Economic Dynamics and Control 25 (6-7), 831-866.

Hodrick, R.J, Prescott, E.C(1997). “Postwar US business cycles: An empirical investigation”. Journal &
Money, Credit and Banking 29, 1-16. 6

Hornick, K., Stinchcombe, M.White, H.(1989). “Multilayed feedforward networks are universal approxi-7
mators”. Neural Networks 2, 359-366. 8

Johansen, 1988). “Statistical analysis of cointegration vectors”. Journal of Economic Dynamics and Con-
trol 12, 231-254. 9

Kapetanios, G.Marcellino, M. (2003). “A Comparison of Estimation Methods for Dynamic Factor Mod-10
els of Large Dimensions”. Working Paper No. 489, Queen Mary, University of London, Departmentiaf
Economics. 12

Keilis-Borok, V., Stock, J.H. Soloviev, A, Mikhalev, P.(2000). “Pre-recession pattern of six economic indi-13
cators in the USA". Journal of Forecasting 19, 65-80.

Kim, C.-J.(1994). “Dynamic linear models with Markov switching”. Journal of Econometrics 60, 1-22.

Kim, C.-J, Murray, C. (2002). “Permanent and transitory components of recessions”. Empirical Ect
nomics 27, 163-183. 16

Kim, C.-J, Nelson, C.R(1998). “Business cycle turning points, a new coincident index, and tests of duratipp
dependence based on a dynamic factor model with regime switching”. The Review of Economics and
Statistics 80, 188-201.

Kim, M.-J., Yoo, J.-S.(1995). “New index of coincident indicators: A multivariate Markov switching factor!®
model approach”. Journal of Monetary Economics 36, 607—-630. 20

Kling, J.L. (1987). “Predicting the turning points of business and economic time series”. Journal of Busi-
ness 60 (2), 201-238.

Koch, P.D, Rasche, R.H(1988). “An examination of the commerce department leading-indicator approach"
Journal of Business and Economic Statistics 6 (2), 167-187.

Koopmans, T.C(1947). “Measurement without theory”. Review of Economics and Statistics 29, 161-17924

Kozicki, S.(1997). “Predicting real growth and inflation with the yield spread”. Federal Reserve Bank z5f
Kansas City Economic Review, Fourth Quarter. 26

Krolzig, H.-M. (1997). Markov Switching Vector Autoregressions. Modelling, Statistical Inference and AB
plication to Business Cycle Analysis. Springer, Berlin.

Krolzig, H.-M. (2004). “Predicting Markov-switching vector autoregressive processes’. Journal of Forecatt-
ing. In press. 29

Krolzig, H.-M., Marcellino, M, Mizon (2002). “A Markov-switching vector equilibrium correction model of 30
the UK Iabour market”. Emplncal Economics 27 (2), 233-254.

Lahiri, K., Moore, G.H.(1991). Leading Economic Indicators: New Approaches and Forecasting Records.
Cambndge University Press, Cambridge.

Lahiri, K., Wang, J.(1994). “Predicting cyclical turning points with leading index in a Markov switching®3
model”. Journal of Forecasting 13, 245-263. 34

Layton, A.P.(1996). “Dating and predicting phase changes in the US business cycle”. International Jouggal
of Forecasting 12, 417-428.

Layton, A.P.(1998). “A further test of the leading indicators on the probability of US business cycle phase
shifts”. International Journal of Forecasting 14, 63-70.

Layton, A.P, Katsuura, M.(2001). “Comparison of regime switching, probit and logit models in dating ané®
forecasting US business cycles”. International Journal of Forecasting 17, 403—-417. 39

Li, D.T., Dorfman, J.H(1996). “Predicting turning points through the integration of multiple models”. Journal
of Business and Economic Statistics 14 (4), 421-428.

Lieli, R.P.(2004). “A flexible framework for predicting binary variables”. Job Market Paper, UC San Dlego

Lindgren, G.(1978). “Markov regime models for mixed distributions and switching regressions”. Scandirf4-
vian Journal of Statistics 5, 81-91. 43

14



© 0 N oo g b~ W N P

A B BB WOWWW W W W W WWN DN NDNNNDNDNDNDN R R P RP RBP PR R R
W N P O © 0 N O 0o b WN PP O © © N O g b~ WOWN P O © 0 N o o b W N B O

958 M. Marcellino

Lubrano, M.(1995). “Bayesian tests for co-integration in the case of structural breaks: An application to the
analysis of wages moderation in France”. G.R.E.Q.A.M. 95a19, Universite Aix-Marseille II. 2

Lutkepohl, H.(1987). Forecasting Aggregated Vector ARMA Processes. Springer-Verlag, Berlin. 3

Lutkepohl, H.(2006). “Forecasting with VARMA models”. In: Elliott, G., Granger, C.W.J., Timmermann, A21
(Eds.), Handbook of Economic Forecasting. Elsevier, Amsterdam. Chapter 6 in this volume.

Marcellino, M. (2003). “Forecasting EMU macroeconomic variables”. International Journal of Forecast-

ing 20, 359-372. 6
Marcellino, M.(2004). “Forecast pooling for short time series of macroeconomic variables”. Oxford Bulletin
of Economics and Statistics 66, 91-112. 8

Marcellino, M, Mizon, G. (2004). Progressive Modelling: Encompassing and Hypothesis Testing. Oxfosgd
University Press, Oxford. In press.
Marcellino, M, Stock, J.H, Watson, M.W.(2003). “Macroeconomic forecasting in the Euro area: CountryLO
specific versus Euro wide information”. European Economic Review 47, 1-18. 1
Marcellino, M, Stock, J.H, Watson, M.W.(2005). “A comparison of direct and iterated AR methods for12
forecasting macroeconomic seriesteps ahead”. CEPR WP 4976. Journal of Econometrics. In press. 13
McCulloch, R, Tsay, R(1994). “Statistical analysis of economic time series via Markov switching models’,,
Journal of Times Series Analysis 15, 523-539.
McGuckin, R.H, Ozyildirim, A., Zarnowitz, V.(2003). “A more timely and useful index of leading indica- !
tors”. Working Paper. 16
McNees, S.K.(1991). “Forecasting cyclical turning points: The record in the past three recessions”. 1:
Lahiri, K., Moore, G.H. (Eds.), Leading Economic Indicators: New Approaches and Forecasting Recotgds.
Cambridge University Press, Cambridge. 19
Mitchell, W., Burns, A.F.(1938). “Statistical indicators of cyclical revivals”. NBER, New York. Reprinted in:
Moore, G.H. (Ed.), Business Cycle Indicators. Princeton University Press, Princeton, 1961. Chapter %0
Moneta, F(2003). “Does the yield spread predict recessions in the Euro area?” ECB Working Paper No. 234.
Moore, G.H.(1983). Business Cycles, Inflation and Forecasting, second ed. Ballinger Publishing, Cambridge,
MA. 23
Moore, G.H, Shiskin, J.(1967). “Indicators of business expansions and contractions”. NBER Occasional
Paper No. 103. 5
Moore, G.H, Zarnowitz, V.(1986). “The development and role of NBER’s business cycle chronologies”. In:
Gordon, R.J. (Ed.), The American Business Cycle: Continuity and Change. University of Chicago Pr%%s,
Chicago, pp. 735-779. 27
Neftci, S.N.(1982). “Optimal prediction of cyclical downturns”. Journal of Economic Dynamics and Cores
trol 4, 225-241. 29
Niemira, M.P, Klein, P.A.(1994). Forecasting Financial and Economic Cycles. Wiley. 20
Osborn, D, Sensier, M. Simpson, P.W(2001). “Forecasting UK industrial production over the business
cycle”. Journal of Forecasting 20 (6), 405-424. 81
Otrok, C, Whiteman, C.H(1998). “Bayesian leading indicators: Measuring and predicting economic cond®
tions in lowa”. International Economic Review 39, 997-1014. 33
Pagan, A(2005). “Some econometric analysis of constructed binary time series”. CAMA WP 7/2005. 34
Patton, A, Timmermann, A(2003). “Properties of optimal forecasts”. CEPR DP4037. 35
Phillips, K.R. (1998-1999). “The composite index of leading economic indicators: A comparison of ap:
proaches”. Journal of Economic and Social Measurement 25 (3—4), 141-162.
Potter, S.M(1995). “A nonlinear approach to US GNP". Journal of Applied Econometrics 10, 109-125. 37
Proietti, T, Moauro, F.(2004). “Dynamic factor analysis with nonlinear temporal aggregation constraints38
Econometrics 0401003, Economics Working Paper Archive at WUSTL. 39
Qi, M. (2001). “Predicting US recessions with leading indicators via neural network models”. Internatiopal
Journal of Forecasting 17, 383—-401. "
Raj, B.(2002). “Asymmetries of business cycles: The Markov-switching approach”. In: Ullah, A., Wan, A.,
Chaturvedi, A. (Eds.), Handbook of Applied Econometrics and Statistical Inference. Marcel DekKér,
pp. 687-710. Chapter 31. 43

5



© 0 N o g b~ W N P

AR D D W®OW W W W W WWWWNNRNDNDRNDRNNRNRNNERR R B BB R s e
W N P O © ® N & 0o ® NP O © ® N o0 g A~ ONP O © o N o M ®WN P O

Ch. 16: Leading Indicators 959

Ravn, M.O, Sola, M. (1999). “Business cycle dynamics: Predicting transitions with macrovariables”. I#:
Rothman, P. (Ed.), Nonlinear Time Series Analysis of Economic and Financial Data, vol. 1. Kluwer Aga-
demic, pp. 231-265. Chapter 12. 3

Sargent, T.J.Sims, C.A.(1977). “Business cycle modeling without pretending to have too much a priori
economic theory”. In: Sims, C., et al. (Eds.), New Methods in Business Cycle Research. Federal Reserve
Bank of Minneapolis. 5

Shepard, N(1994). “Partial non-Gaussian state space”. Biometrika 81, 115-131. 6

Sichel, D.E.(1994). “Inventories and the three phases of the business cycle”. Journal of Business and Eco-
nomic Statistics 12 (July), 269-277. 8

Simpson, P.WOsborn, D.R.Sensier, M(2001). “Modelling business cycle movements in the UK economy
Economica 68 (270), 243-267.

Sims, C.A.(1989). “Comment on Stock and Watson (1989)". In: Blanchard, O., Fischer, S. (Eds.), NBER
Macroeconomics Annual. MIT Press, Cambridge, MA, pp. 395-397. 11

Sims, C.A, Stock, J.H, Watson, M.W.,(1990). “Inference in linear time series models with some unit roots”;»
Econometrica 58, 113-144. 13

Stock, J.H, Watson, M.W.(1989). “New indexes of coincident and leading economic indicators”. In: Blan-
chard, O., Fischer, S. (Eds.), NBER Macroeconomics Annual. MIT Press, Cambridge, MA, pp. 351-344.

Stock, J.H, Watson, M.W.,(1991). “A probability model of the coincident indicators”. In: Lahiri, K., Moore, 15
G.H. (Eds.), Leading Economic Indicators: New Approaches and Forecasting Records. Cambridge 14ni-
versity Press, Cambridge, UK.

Stock, J.H, Watson, M.W/,(1992). “A procedure for predicting recessions with leading indicators: Economet—
ric issues and recent experience”. NBER Working Paper Series No. 4014.

Stock, J.H, Watson, M.W(1993). “A procedure for predicting recessions with leading indicators: Economet?
ric issues and recent experience”. In: Stock, J.H., Watson, M.W. (Eds.), Business Cycles, Indicators@nd
Forecasting. The University of Chicago Press, Chicago, pp. 95-153. 21

Stock, J.H, Watson, M.W,(1999a). “Business cycle fluctuations in US macroeconomic time series”. In: Tays
lor, J.B., Woodford, M. (Eds.), Handbook of Macroeconomics, vol. IA. North-Holland, Amsterdam.

Stock, J.H, Watson M.W.,(1999b). “A comparison of linear and nonlinear univariate models for forecast|n2g3
macroeconomic time series”. In: Engle, R.F., White, H. (Eds.), Cointegration, Causality, and Forecasfifig:
Festschrift in Honour of Clive W.J. Granger. Oxford University Press. 25

Stock, J.H, Watson, M.W.(2002a). “Macroeconomic forecasting using diffusion indexes”. Journal of Busg
ness and Economic Statistics 20, 147-162.

Stock, J.H, Watson, M.W.(2002b). “Forecasting using principal components from a large number of predlc-
tors”. Journal of the American Statistical Association 97, 1167-1179.

Stock, J.H, Watson, M.W.(2003a). “Forecasting output and inflation: The role of asset prices”. Journal &
Economic Literature 41 (3), 788-829. 30

Stock, J.H. Watson, M.W.(2003b). “How did the leading indicator forecasts perform during the 2001 receg;
sion”. Federal Reserve Bank of Richmond Economic Quarterly 89, 71-90. -

Stock, J.H.Watson, M.W(2006). “Forecasting with large datasets”. In: Elliott, G., Granger, C.W.J., Timmef-
mann, A. (Eds.), Handbook of Economic Forecasting. Elsevier, Amsterdam. Chapter 10 in this volunme.

Swanson, N.R.Ghysels, E. Callan, M. (1998). “A multivariate time series analysis of the data revisiors4
process for industrial production and the composite leading indicator”. In: Engle, R.F., White, H. (Edss),
Cointegration, Causality, and Forecasting: Festschrift in Honour of Clive W.J. Granger. Oxford Universjty
Press, Oxford, pp. 47-75.

Swanson, N.RWhite, H.(1997). “A model selection approach to real-time macroeconomic forecasting usf\g
linear models and artificial neural networks”. The Review of Economics and Statistics 79, 540-550. 38

Terasvirta, T(2006). “Forecasting with nonlinear models”. In: Elliott, G., Granger, C.W.J., Timmermann, A9
(Eds.), Handbook of Economic Forecasting. Elsevier, Amsterdam. Chapter 8 in this volume. 40

Timmermann, A.G(2006). “Forecast combination”. In: Elliott, G., Granger, C.W.J., Timmermann, A. (Eds.)1
Handbook of Economic Forecasting. Elsevier, Amsterdam. Chapter 4 in this volume.

Vaccara, B.N.Zarnowitz, V.(1978). “How good are the leading indicators?” In: Proceedings of the Busine$%
and Economic Statistics Section. American Statistical Association, pp. 41-51. 43



© 0 N oo g b~ W N P

A B BB WOWWW W W W W WWN DN NDNNNDNDNDNDN R R P RP RBP PR R R
W N P O © 0 N O 0o b WN PP O © © N O g b~ WOWN P O © 0 N o o b W N B O

960 M. Marcellino

van Dijk, D, Terasvirta, T, Franses, P.H2002). “Smooth transition autoregressive models — A survey of
recent developments”. Econometric Reviews 21, 1-47. 2

Walsh, C.E(2003). Monetary Theory and Policy, second ed. The MIT Press. 3

Watson, M.(1991). “Using econometric models to predict recessions”. Economic Perspectives, Research
Periodical of the Chicago Federal Reserve Bank, September/October.

Wecker, W.E(1979). “Predicting the turning points of a time series”. Journal of Business 52 (1), 35-50. 5

West, K.D.(1996). “Asymptotic inference about predictive ability”. Econometrica 64, 1067-1084. 6
West, K.(2006). “Forecast evaluation”. In: Elliott, G., Granger, C.W.J., Timmermann, A. (Eds.), Handbook
of Economic Forecasting. Elsevier, Amsterdam. Chapter 3 in this volume. 8

Zarnowitz, V, Boschan, C(1975a). “Cyclical indicators: An evaluation and new leading indexes”. Business
Condition Digest May 1975. Reprinted in: US Department of Commerce. (1977). Handbook of Cycllcal
Indicators, pp. 170-183.

Zarnowitz, V, Boschan, C(1975b). “New composite indexes of coincident and lagging indicators”. Busineé$
Condition Digest November 1975. Reprinted in: US Department of Commerce. (1977). Handbook of
Cyclical Indicators, pp. 185-198. 13

Zarnowitz, V, Braun, P.(1990). “Major macroeconomic variables and leading indicators: Some estimate43
of their interrelations, 1886-1982". In: Klein, P.A. (Ed.), Analyzing Business Cycles: Essays Honorlng
Geoffrey H. Moore. Armonk, New York, pp. 177-205.

Zellner, A, Hong, C.(1991). “Bayesian methods for forecasting turning points in economic time serig&
Sensitivity of forecasts to asymmetry of loss structures”. In: Lahiri, K., Moore, G.H. (Eds.), Leading Eag-
nomic Indicators: New Approaches and Forecasting Records. Cambridge University Press, Cambrigdge,
UK, pp. 129-140.

Zellner, A, Hong, C, Gulati, G.M. (1990). “Turning points in economic time series loss structures and9
Bayesian forecasing”. In: Geisser, S., Hodges, J., Press, S.J.A., Zellner, A. (Eds.), Bayesian and Pke-
lihood Methods in Statistics and Econometrics: Essays in Honor of George A. Barnard. North-Holla#id,
Amsterdam, pp. 371-393. 22

Zellner, A, Hong, C, Min, C. (1991). “Forecasting turning points in international output growth rates usr,
ing Bayesian exponentially weighted autoregression, time-varying parameter and pooling technlq%es
Journal of Econometrics 49, 275-304.

Zellner, A, Min, C. (1993). “Bayesian and non-Bayesian methods for combining models and forecasts vifth
applications to forecasting international growth rates”. Journal of Econometrics 56, 89-118. 26

Zellner, A, Rossi, P.E(1984). “Bayesian analysis of dichotomous quantal response models”. Journal2ef
Econometrics 25, 365-394. 28

Zha, T.(1998). “A dynamic multivariate model for use in formulating policy”. Economic Review 83 (Firs&9

Quarter 1998).
30

31
32
33
34
35
36
37
38
39
40
41
42
43



© 0 N oo g b~ W N P

NN N NN R B B B B BB pR R e
A W N P O © 0 N O OO B W N P+ O

25
26
27
28
29
30
31
32
33
34

36
37
38
39
40
41
42
43

Proof of Raw Subject Index

Page: 881
leading indicator
economic condition
composite index
economic forecasting
target variable
GDP
industrial production
composite coincident index
turning point
peak
trough
business cycle
shock
revision
variable transformation
dating rule
duration
classical cycle
growth or deviation cycle

real time information

Page: 884
financial variable
gross national product
industrial production

Page: 885
composite index
composite coincident index

Page: 886
binary indicator
nonlinear model
cointegration
duration dependence
composite leading index

Page: 882
filtering
dating algorithm
seasonal adjustment
outlier
amplitude
composite index
weighting scheme
dynamic factor model
Markov switching model

Page: 888
band-pass filter

Page: 889
de-trending method

Page: 890
Markov chain
probit
logit

Page: 883
standard error
missing observation
time-varying parameter
observed transition model
neural network
nonparametric method
binary model

predicting business cycle phases

forecast pooling
forecasting performance

Page: 892
weighting scheme

Page: 893

composite leading index (CLI)

Page: 895
Kalman filter
mean squared error
Kalman smoother
state-space framework
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Proof of Raw Subject Index

NBER

coincident

leading

lagging

dynamic factor model

Page: 911
recession indicator

Page: 896

common and an idiosyncratic component

common shocks
information criterion
Eurocoin

Page: 912
state variable

Page: 914
factor MS model
duration

Page: 897
loss function
conditional expectation
conditional probability

Page: 927
smoothing parameter
transition function
smooth transition model

Page: 899
probability of transition

Page: 928
artificial neural network
logistic function

Page: 901
VAR
weakly stationary

Page: 929
pattern recognition algorithm

Page: 902
dynamic estimation

Page: 933
predictive least squares

Page: 905
integrated process
cointegration
simulation based method

Page: 934
forecasting performance

Page: 906
Bayesian technique

Page: 935
mean square forecast error
mean absolute error
quadratic probability score
log probability score

Page: 907
predictive pdf
posterior pdf

Page: 936
contingency table
concordance index

Page: 909
parameter constancy

Page: 910
maximum likelihood

Page: 937
forecast horizon
asymmetric loss function

Page: 951
propagation mechanism

probability and duration forecasts
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