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Forecasting breaks and forecasting during breaks
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Abstract

Success in accurately forecasting breaks requires thatatfeepredictable from relevant infor-
mation available at the forecast origin using an appropmabddel form, which can be selected and
estimated before the break. To clarify the roles of thesenebessary conditions, we distinguish
between the information set for ‘normal forces’ and the arelfreak drivers’, then outline sources
of potential information. Relevant non-linear, dynamicdets facing multiple breaks can have more
candidate variables than observations, so we discuss atitomodel selection. As a failure to ac-
curately forecast breaks remains likely, we augment oategly by modelling breaks during their
progress, and consider robust forecasting devices.

JEL classificationsC1, C53.
Keywords: Economic forecasting; Structural breaks; Imfation sets; Non-linearity.

1 Introduction

Given the wider challenges of structural breaks to econdomecasting discussed by Clements and
Hendry (2011a) in thiglandbook the current chapter concentrates on methods of foregastiinctural
breaks themselves, eithek anteor during the progress of a break. A location shift occurs nvte
previous equilibrium mean changes to a new value. Unmatié&deation shifts, such that the equilib-
rium mean shift is not known, are the most pernicious soufeystematic forecast failure as shown in
(e.g.) Clements and Hendry (1998, 2002b, 2006). In contshdts in variables with zero means have
smaller impacts on forecasts (see e.g., Hendry, 2000),duit ¢ead to policy failures. Our approach
sheds new light on the existing literature about breaks bimgjuishing between ‘conventional’ infor-
mation typically used in economic modelling and forecagtiand a wider information set that might
help to explain why structural breaks happen. This broagiege of variables need not be restricted to
‘economic’ phenomena such as inflation, and could enconipgisdative changes, acts of terrorism, or
other events. Our proposed approach offers a potential avégresee’ some breaks. It also provides
a common framework to understand the impact of breaks orhtiee tseparate objectives of economic
modelling over an existing sample of data; forecasting eMeorizon; and policy making.

*This research was supported in part by grants from the Opeietgd-oundation and the Oxford Martin School. Contact
details: jennifer.castle@magd.ox.ac.uk; nicholas.&w@Imh.ox.ac.uk; david.hendry@nuffield.ox.ac.uk. WenthMichael
P. Clements, J. James Reade and Timo Terasvirta for helpfuiments on earlier drafts. Forthcomin@xford Handbook of
Economic Forecasting.



Location shifts occur intermittently, and all too frequgntexamples abound, as documented by
Stock and Watson (1996), Barrell (2001), and Clements amdliy2001). The financial crisis of 2007—
2010 is a further example of unanticipated equilibrium mgfaifts. Figure 11.1 shows changes in world
liquidity (panel a), UK mortgage lending (b), US Sub-prinoais (c) and US house prices changes
(d): all show rapid, large falls. The assets of the worldigéat financial institutions fell even more,
precipitating a massive bailout. Both the timing and magtet of the crash was not well anticipated,
resulting in a significant global recession.
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Figure 1: Some recent financial crisis variables

1.1 Necessary conditions for forecasting a break

In this section, we outline the set of requirements that aeessary to successfully forecast a break,
elucidating these with reference to the 2004 Indian Oceamatsi and the 2007-2010 financial crisis.
Forecasting that a location shift is about to occur is theegeriarget for avoiding serious forecast and
policy failures. One obvious route is to explain the intgtcin a model of a variabley (say), as a
function of another observable variable) (then use changes into forecast breaks ip. But ‘breaks
out’ need ‘breaks in’ (following Cartwright, 1989), so ifdéaks iny are due tar, thenx must have
experienced a location shift. This would need to have beedigted, or to have happened sufficiently
far in advance to allow to be forecast.

In general, success at forecasting a break requires that:
(1) the break is predictable;
(2) there is information relevant to that predictability;
(3) such information is available at the forecast origin;
(4) the forecasting model embodies that information;
(5) there is an operational method for selecting the appatgpmodel; and
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(6) the resulting forecasts are usefully accurate, witlueate measures of forecast-error uncertainty.
As some location shifts will not be anticipated, it would tseful if then:

(7) progress during a break transition could be forecast faifing that

(8) there was a robusix postforecasting strategy that mitigated systematic failure.

We first explain the roles of (1)—(6), using the failure todice the 2004 Indian Ocean tsunami to high-
light the issues with a physical example, where there isdestroversy than most economic illustrations.
We discuss (7) below, but only address (8) so far as needed.

First, whether or not a break is predictable depends on dat Wworld’ existence of causes preceding
such a break. These may or may not exist, but usually do,taleilead time may be too small for
practical purposes. The 2004 Indian Ocean tsunami was @diysan undersea earthquake off the west
coast of Sumatra. In turn, that earthquake was triggered tansion release at a subduction zone.
Understanding how earthquakes reduce stress in a ruptaee bat increase stress in other parts of a
fault, makes such events potentially predictable, alleeidiswith a wide margin of timing, but improving
estimates of magnitude. See Stein, Barka and Dieterich7{1f@® predictions of, and Hubert-Ferrari,
Barka, Jacques, Nalbant, Meyer, Armijo, Tapponnier andgKR000) forex postdiscussions of, the
1999 earthquake d&mit on the Anatolian fault.

Second, given that a break is indeed predictable beforeppdrss, to actually forecast it requires
there is information relevant to that predictability. Uritmately, there was no relevant information for
predicting the Sumatra earthquake at the time. Howeveg tihecearthquake had started a tsunami, there
were potential devices that could have provided advanceinguof its impact on neighbouring lands.
These existed in the Pacific Ocean and now also exist in tharr@cean. Such information was not
available at the time, although retrospectively Hollideyndle, Tiampo and Turcotte (2006) show that
stress tension in that subduction region was measurabigs.algo highlights the importance of the third
issue, namely that the relevant information must be auailabthe forecast origin.

Once a forecasting model for a tsunami embodies the infaomabout its location, initiation, speed
and the force of the shock wave, then the timings and locatwdnmpacts become predictable, as has
happened with Pacific Ocean tsunamis for some years. Adnriifth aspect of an operational method
for selecting the appropriate forecasting model is todaarcfor tsunamis, based on physical theory
incorporating whatever data is delivered by the tsunamnimgr system in place: it would not have
been clear a few centuries ago. Sixth, once tsunamis areagelyumeasured, the precise timings and
locations of impacts are predictable within fairly smatieirvals. These may still vary with the detailed
seabed and shore topography, but this variation is small,daabtless forecast-error bands could be
designed to reflect some unmodelled features, increasengtifinsic uncertainty.

As a possible economic example, consider the 2007-200%falamisis. First, some aspects of the
crisis had antecedent causes such as sub-prime loans,-maaeakl driven risk-taking, high leverage,
increasing unsecured credit outstanding, growing incomeguality, etc. Other causes depended on
policy decisions which could have been made differently] amay not have been predictat#g ante
For example, letting Lehmann Brothers go bankrupt was ammsgative shock, whereas earlier Bear
Stearns was merged with JPMorgan, and later many of the O&l@Rjest financial institutions were
bailed out. Consequently, some relevant information orptiesible causes existed, and may even have
been available at the time. However, important aspectsasialjency problems and massive off-balance-
sheet loans only came to light later.

The fourth issue, developing a forecasting model that emeldtie relevant information is always
problematic in economics, as discussed below. The fiftheisfumodel selection generates serious
disagreements, although we now regard that as one of thajleastionable aspects, as section 6 explains.
The cumulative difficulties just noted for forecasting k@ economics entail very wide margins of
error for the occurrences, timings, signs and magnitudbsaalks, with no reliable measures of accuracy.
Moreover, in any human-related study, reactions to forteaz occur. If an incipient break was forecast



by a trustworthy approach, actions would be taken to avsi@dcurrence, which if successful, would
apparently lead to a mis-prediction: see the discussidawolg Hendry (1986) and the alternative in
Obstfeld (1996). However, an everyday example suggestshiisais well understood in other contexts.
Shortly after your car brakes are repaired, an emergengyistoeeded and proves successful. You do
not return to the garage to complain that the brakes worledysiding the accident implicitly forecast
by the decision to repair.

1.2 Whytryifitis so difficult?

‘Forecasting of hazardous volcanic phenomena is becomioig muantitative and based
on understanding of the physics of the causative processa®casting is evolving from
empirical pattern recognition to forecasting based on rsodethe underlying dynamics.
The coupling of highly non-linear and complex kinetic andhdgic processes leads to a
rich range of behaviours. Due to intrinsic uncertaintied #re complexity of non-linear
systems, precise prediction is usually not achievable.edasts of eruptions and hazards
need to be expressed in probabilistic terms that take atoduncertainties.” Sparks (2003)

Forecasting volcanic eruptions was once left to scryinglike the earthquake analyses noted above,
has advanced greatly over the last 50 years due to sust@isearch and data collection efforts. The prac-
tical difficulties predicting breaks are obviously immeyisat the potential benefits suggest attempting a
formalization. The contribution of this chapter is to asskesw each of the 6 steps above can be trans-
lated into practice. While we have no positive and clearemainomic examples to offer on forecasting
breaks before they occur, we nevertheless believe the togrds serious analysis, and below propose
some tentative steps. An outline of our strategy follows.

We first re-examine the concept of unpredictability, and ads us to distinguish two distinct roles
for information:

(a) the regular forces which explain variations within cemitonal econometric models, denotédand

(b) external information that might be relevant to accaumfior shifts, denoted’.

We delineate some new sources of high-frequency informaiech asGoogle Trendsand prediction
markets, potentially relevant to determining shifts. Alilgh time disaggregation does not alter the mis-
prediction impact of breaks on a given forecast target atithe of the break, earlier detection and so
a quicker response may be feasible. The next step is to ascérthe high-frequency informatiofC
can be used to model past shifts by a fractional lag, dernfétegl wheres < 1, when the time period of
observation is unity. This is similar to the approach thagtiea Fawcett and Hendry (2009) show can be
applied to improve nowcasts.

The breadth of information if = (J,K) requires a strategy for examining a large number of
candidate explanatory variables, of which an unknown durseimportant and where that subset itself
may change over time. To do so, we propose to include the faitgariables from these new sources in
general non-linear models, selected by the automatic riglelpproachAutometricgan Ox Package:
see Doornik, 2009a, 2009c) as discussed in Castle and H&@D9)! We discuss the scope for such an
automated approach when non-linearities and breaks caoxamate each other, so need to be addressed
jointly. Any selected model can be both simplified and ev&@ddy encompassing tests against plausible
threshold mechanisms, such as those discussed in Grangéreadsvirta (1993), to see if: (i) they
simplify the selected specification; and (ii) are of a formttpotentially can generate future ‘jumps’
akin to location shifts. Bontemps and Mizon (2008) provideeeent overview of encompassing and

ICastle, Doornik and Hendry (2010a) provide a general digonsof the properties oAutometrics and Castle, Doornik
and Hendry (2010b) discuss its application to detectingtioa shifts and outliers using impulse-indicator saiorafllS),
building on Hendry, Johansen and Santos (2008) and Johansedielsen (2009).



Doornik (2008) discusses its role Autometrics Even when breaks, including those due to elements in
IC, are unpredictable and hence impossible to foremaante there is still value in examining forecasting
during a break. For example, further observations may bieiisdearning about the break process, asin
the empirical application by Castle, Fawcett and Hendrnd(200f course, it may transpire that neither
forecasting breaks nor learning about a break during itssitian are viable, so a robust forecasting
device needs to be ready when forecast failure is manifested

Thus, this chapter proposes a new approach to forecastaakdby focusing on the role of infor-
mation. The chapter builds on both the older literature om-liteear forecasting models and the more
recent literature on robust forecasting models. Our ambr@ms to encompass non-linear forecasting
models such as Markov-switching models, threshold and #mtoensition models and neural networks,
which attempt to forecast regimes changes that have pyioccurred. See, e.g., Krolzig (1997) for
Markov switching VARs; Hamilton (1990, 1992) for regimeistshing models; Bacon and Watts (1971),
Quandt (1983), Granger and Terasvirta (1993), Tergsylr994), Chan and Tong (1986), Luukkonen,
Saikkonen and Terasvirta (1988) and Priestley (1981) doious forms of smooth-transition regression
(STR) model and Zhang, Patuwo and Hu (1998) and Rech (2002)efaral networks. These models
rely on regularities in the break process to capture thesitian from one regime to another. However,
our approach also aims to handle breaks that were not aatécipln this setting, the origin of the break
may be missed but the non-linear forecasting model coulthoaphe transition to the new equilibrium.
Section 6 distinguishes between systematic locationsstiifit have occurred previously and irregular
shifts.

With this background, the chapter’s structure can be utatgnls Section 2 considers the concepts of
unpredictability and information to address the first neagscondition. The former is considered more
formally in §2.1 and the latter i§2.2. Then section 3 separates information into two dissets, namely
the regular economic forces affecting agents’ behaviowd, motentially very different information from
politics, law, financial innovation or technology, aboueerts that cause sudden shifts in the regular
determinants. This is followed in section 4 by an overviewsoime potential sources for this second
source of information in the context of economi¢g.1 notes leading indicators and survey d§ta2
discusses disaggregating data over time and/or varigfleslooks at a recent addition to available high-
frequency information itoogle Trendslata;$4.4 discusses the possible role for prediction markets; and
84.5 considers the potential to improve contemporaneowsaldhe forecast origin by better nowcasts.

Having established the potential satisfaction of the flre¢¢ conditions, section 5 considers how to
formulate a relevant (non-linear) model class, leadinghoformulation of forecasting models §5.1,
the role of non-linear functions if5.2, threshold models i§5.3, approximations for an operational
approach irg5.4, and testing for non-linearity i§5.5. Section 6 discusses model selection, with the
salient ideas outlined i§6.1, emphasizing the inter-related nature of breaks andinearities, and the
need to avoid non-linear functions aligning with outliersboeaks. The former are tackled by impulse-
indicator saturation (11S) ir£6.2, and the latter by cubic polynomial approximations;@3. These
are then reduced to threshold-type models using enconmgaskicks int6.4. Section 7 investigates
forecasting breaks and forecasting during bre&Ksl considers forecasting a repeated break based on a
threshold model, the§i7.2 investigates forecasting during a break, noting two@aghes: (a) forecasting
facing a shift in the intercept of a model of a varialénduced by another observable variableand
(b) when the shift is of a known exponential form and timingheTlatter also allows an evaluation
of the likely accuracy of break forecasts. Section 8 drawsesomplications for economic modelling,
forecasting and policy analysis, and section 9 concludeduB forecasting methods are considered in
Clements and Hendry (2011a), so are not addressed here.



2 Unpredictability and information

In this section, we consider the role of information in detigring whether a process is at least partly
predictable. The necessary conditions for predicting keeatlined in§1.1 are extended to incorporate
the two information sets7; and/Cr.

One can never establish in advance whether a specific brélalormwill not, be predictable, as that
depends on the information in existence. As Captain Codkds#owards the (to him) unknown New
Zealand in 1769, he was searching for land, so was not tatalgrised by its discovery. A Maori on
the shore looking out to sea on October 6th that year couldrieave predicted the break that Cook’s
arrival entailed, and indeed did not even have words for nuditiye items on board theéndeavouy such
as cannons. However, an observer on the Moon with suitahlpment could have predicted Cook’s
‘discovery’ and the meeting up with Maori. The observer vdooked the 6 conditions ifil.1 to be
satisfied in order for the ‘break’ to be fully predictable gauf it was not to the other parties involved.
For example, if it was a cloudy day, the trajectory of tredeavourcould not have been followed by
an optical telescope, but could by a ‘x-ray’ type. Altermaly, if a hidden underwater rock wrecked the
vessel between the outside observer’s forecast and Cook/alathe forecast would have failed from
an unanticipated ‘break’. Hence, the observer must hawerndtion that is relevant and available at
the forecast origin, along with an appropriately selectemtleh embodying the information, such that
the forecasts of Captain Cook’s arrival are usefully adeu¢e.g., strong winds do not blow the ship off
course).

Unpredictability and the role of information were analyzelements and Hendry (2005). Our new
formulation distinguishes two information sets, whichgrdtally might be from very different sources.
The first information set,7r, derives from economics, and reflects the regular forceggehis’ be-
haviour. The other information set;r, could be from politics, law, financial innovation, techogy,
climate, geology, or war, and reflects the causes of suddés. shhis distinction is illustrated by Hendry
and Ericsson (1991), who model money demand with currentsgged prices, incomes, and the oppor-
tunity costs of holding money versus other alternativesré®h in this relationship, though, is triggered
by the Banking Act of 1984, which legalized interest-begrsight deposits. That radically shifted the
opportunity costs of holding money, so altering demandtivaao the prevailing levels of all the eco-
nomic determinants. The Banking Act would be in the infoiipratset/C, with a resultant shift in the
own interest rate, which is it¥. Section 3 shows that it is helpful to distinguish these twis seven
though both are part of ‘information’. In practice, the fgohing between7 and X may not be well
defined, and could depend on how empirically relevant the@wic theory embodied ify is.

We make no claim that information to predict breaks will adiexist in any given instance, nor
that it will be knownex ante Nevertheless, it is crucial to take account of both infarorasets when
the second exists, which may require using much wider inddion than entailed by a ‘conventional’
economic analysis of agents’ behaviour. A classic exangpkhat one set of forces may lead to the
outbreak of a civil war (say), yet very different factorsifiate its continuation: see e.g., Collier and
Hoeffler (2007).

2.1 Unpredictability

A non-degenerate random variable, with distributionD,,, (-) is unpredictable with respect to an in-
formation setZ;_; over a time intervall” if:

Dut (Vt | It—l) = Dl,t (Vt) Vit S T (1)

where| denotes conditioning, here df_;. Unpredictability is a property of; in relation toZ;_;
intrinsic tov;, whereT may be the singletori;t}. When (1) holds, then no aspect of the behaviour,of



is better predicted by knowirig;_;, than unconditionally. That includes shifts in the disitibnD,, (-),

so breaks would not be predictableZif ; was the ‘universal’ information set. A simple example of an
unpredictable random variableig ~ IN[0, o2], denoting independent normally-distributed with mean
E[v;] = 0, whereE[:] denotes an expectation, and variaMe;] = 2. Thenv, is unpredictable from
7,1 as (1) holds, although well behaved. Since we are conceritbdoveaks, throughout we allow all
distributions and entailed relationships to change, gestadoruptly. Thus, we define expectations more
precisely. The unconditional expectationaf formed at timet for time ¢ is E;[v;] = 0, whereas the
unconditional expectation af; formed at timet — 1 for time ¢ is E;_1[v;] = 0, which is also well
defined. The subscript dahdenotes the distribution over which expectations are &atled, which could
be changing through time.

Relative toZ; ,, a variable becomes predictable only if it depends on tHatrimation. However,
predictability does not entail that the behaviour{of;} is fully accounted for, even whef,._, is the
‘universal’ information set. Only a more limited informetti set7;_; C Z;_1 is usually available, which
here we take to be the standard variables analyzed in ecortomeé series. It is convenient to take
E:[v¢] = 0 V¢ in (1). Then, predictability requires combinationsigfwith 7;_; as in:

yt = ¢ (Ji-1,V1) 2)
From (2),y; depends on both the information set and the innovation pgyc®:
Dy, (yt | Jt—1) # Dy, (yt) Vt€T 3)
A common special case of (2) is:
vt = hy (Ji—1) + vy wherew, = vy © @, (Ji—1) 4)

and® denotes element by element multiplications@ = v; 1, ; (J:—1). Then,y; in (4) is predictable
even ifv, is not, as in general:

Bt [yt | Ji—1] = he (Ji-1) # Bt [ye] -

Conversely, the variance ¢f; may be predictable even ¥ is not, although both (and other aspects)
may or may not be. However, the formulations in (2) and (4) alcaldress why there are shifts, denoted
by the subscripts ap, (-) andh, (-) respectively. We return to that issue in section 3.

2.2 Information

By definition of information,7;_; C 7; Vt. Let the universal set determining the data generatinggssoc
(DGP) ofy atT beZ; = (Jr, K7, M1) where M is unknown but relevant. To obtaiy = (Jr, K1)
requires marginalizing@ ;. with respect toM 7, so discarding\ 7. ThenZr no longer fully characterizes
the DGP ofy, and instead the reduced distribution is called the loct danerating process (LDGP).
Marginalizing with respect to relevant information is akhoever without loss of information.
However, if there were no distributional shifts, reducetbimation about7 would increase the

uncertainty with whichy, could be determined from (4), but not induce biases as felldvet. 7" ; C
J:—1 and consider:

E [Yt \ -7t*_1] =h" (jt*—l) 5)

then we can write:
ye=h"(7"1) +e
say, where:
Ele: | 7] =Elye | Fia] =0 (F) = 0.
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Then:
Ele | Ji1] =h(Ji1) —h* () #0

so information is lost, leading to a larger variance.

Thus, the key cost of marginalizing with respectdr is when it accounts in part for distributional
shifts, such that even knowirig;_; does not lead to a constant LDGP.

When distributions shift, care is required in defining expgons to reflect the probability distribu-
tion integrated ovey, (y:|-), the timing of the expectation (e.d), and the timing and contents of the
available information that is conditioned on (e d-1). For example:

Eri1lyrsr | Ir) = /yT+1DyT+1 (yr+1|Jr) dyr1 (6)

As the available information changes, the conditionalrithgtion alters, leading to a different expecta-
tional function. Forecasting the meangf,; from a forecast origin &t by (6) would require a ‘crystal
ball’ to know the complete future distributidd,,. , (yr+1|J7). Given the definition of7, conditioning
on Jr41 is infeasible. However, when distributions shift:

Er [yrs1 | TIr| = /yT+1DyT (yr+1|JT) dyr 11 (7)

need not even be unbiased r. 1 [yr+1], See Hendry and Mizon (2009). Indeed, after a location,shift
that bias is the cause of forecast failure.

Nevertheless, there may be additional information thalccexplain some of the changes from
Dy, (-) to Dy, , (-): we denote that information bi. WhenK exists, that ensures the first neces-
sary condition is met. We now assume th&t,,_s is available at a higher frequency when seeking to
forecastyr 1, and so is closer to the forecast th@p, and address this timing issueg#h. Consequently,
building on§1.2, and allowing information to be dated within sub-in&dsvof the time unit of observa-
tion of {y. }, we re-express the necessary conditions for predictingkisras:

(1) the existence o1 _s;

(2) knowledge of the elements 6,1 _s;

(3) observing (or accurately forecasting);, ;s in time to forecasyr1;

(4) knowledge of howCr s shiftshpiq (+);

(5) selecting a model di; (-) assumindZ;_s = (J;—1, K:—s), and estimating its parameters priorfto
(6) producing forecasts gfr that are usefully accurate, with accurate forecast-emoetainty.

3 Two information sets

Assuming that a break is predictable, we now address thedaexmmdition: does there exist information
relevant to that predictability? We have distinguished imformation sets determining changesyin, ;:

(A) Jr: the information set which entelsy; (J7).
(B) Kr11_4: the information set explaining shifts 11 (1) # hy (+).

The former are standard economic forces. For example, foresndemandh,(7;—1) depends
on incomes, prices, interest rates and lags thereof. ‘Cuioreal econometrics’ concerns modelling
Eily:|Ji—1] = he(Ji—1), and forecasting 1 by hr41(J7). Such a formulation takes,(-) as given
(usually deterministic), and often assumed constant. @erstand changes iy (-) and their relation
to Zr, we need to deconstruct (4), and will do so for the specia cis constant conditional variance,

@i (Ti-1) = .



Kr41-s shifts the relationship betweéh and7” + 1 due to changes in (say), legislation, financial
innovation, technology, and policy regime switches. Suchiét in hr(-) then alters (e.g.) money
demand at the same levels of incomes, prices, and interest rén generalhy1(-) changes with
Kr+1, and, as we are primarily concerned with location shiftsywiée that dependence as:

Eri1 [brir (Jr) | Ir, Kria] = ho (Jr) +hy (K1) (8)

wherehy(-) is constant. The second term is generally zero, but accdanshifts by a step function
when they happen. Af + 1 — §, however, an investigator at best know&-( Cr11_5), in which case:

Ery1-6 [hri1 (Tr) | Ir, Kry1-5] = ho (Ir) + Ery1-s [0y (Kry1) | Krgios) -

If a location shift is unpredictable, 6y, 1 5 [hl (Kr41) |ICT+1_5] = 0, there will be no perceptible
difference from the information set which entédis; (J7). The aim, therefore, is to ascertain avail-
able informationfCy ;5 such thatEp, 1 5 [hl (Kr41) |ICT+1_5] ~ h; (Kr41), a daunting, but not
impossible task, to which we now turn.

4 Available information

The above analysis suggests monitoring a wide set of sowfcegormation for potential changes,
including those beyond the usual economic variables. Téer@ number of possibilities for improving
the use of information, as well as considering informatiot mormally included in7;_; that might be
helpful in modelling and available for forecasting breaks:

. leading indicators and survey dad.(l);

. disaggregating data over time and/or variab$ds?);

1

2

3. Google Trendslata §4.3);

4. prediction markets dat§4.4);
5

. improved data at the forecast origh#(5).

We consider these in turn.

4.1 Leading indicators

Leading indicators of a break would solve the problem, batrselusive when needed. Putative leading
indicators have an unimpressive historical record whearjparated as part of the first information set,
Ji—1, see e.g., Diebold and Rudebusch (1991), and Emerson arathyH@®96). However, they might
be more effective as ‘break predictors’, within the secarfdrimation set/Cr;_s. Marcellino (2006)
provides an overview and Camba-Mendez, Kapetanios, Wea &mith (2002) gives an empirical ex-
ample.

Historical analyses sometimes include survey data fronswmers and businesses about their plans
and expectations. Such surveys take time to conduct anégspand are rarely available sufficiently far
ahead of breaks to help forecast their appearance. Howbegrmay be useful during the course of a
break. Other correlated contemporaneous variables thyitmelp include high-frequency data on road
traffic and air passenger numbers, energy consumption etc.



4.2 Data disaggregated over time and variables

Higher-frequency data could help to detect breaks eaffian from a time-aggregated process, and
thereby facilitate faster adaptation following a breakthAugh Castle and Hendry (2008) show that time
disaggregation does not change the impact of breaks onafteeof outcomes at the lower frequency

from a forecast origin when the break happens, Clements andry (2011a) show time disaggregation

can improve forecasts one period later, namely during thakor With regard to disaggregation across
variables, Hendry and Hubrich (2009) consider the possiblefits from forecasting aggregate variables
of interest via their disaggregate components. They alsbtfiat disaggregation across variables does
not reduce the impact of breaks on aggregate forecasts artb®f the break, but again Clements and

Hendry (2011a) show that result changes during the bredatiReperformance depends on a trade-off

between estimation uncertainty and mis-specificationvatgyifrom aggregation.

4.3 Google Trends data

Google Trendslata could potentially improve forecasts of many variabiekiding car, home, and retail
sales, travel behaviour, and the spread of diseases such &hdi and Varian (2009) add Google query
variables to linear seasonal autoregressions to measeirectimtribution to improving nowcasts. An
Autometricsapproach allows for more variables than observations dsawehpulse-indicator saturation
to detect outliers and location shifts. Hence, large relegabsets of Google query variables can be
added to the candidate set. Doornik (2009b) shows thatdste®f swine flu’ cases can be markedly
improved by adopting such a general approach. Castle andri#€2010b) suggest their inclusion in a
general framework for nowcasting the missing componengggfegates.

4.4 Data from prediction markets

Prediction markets, like the lowa electronic market (itpyw.biz.uiowa.edu/iem/index.cfjror intrade
(http://www.intrade.com/jsp/intrade/tradingfidex.jsp, are a recent source of information about future
events, based on the probabilities of outcomes evolvinghasaeight of betting changes over time.
Participants presumably draw information from many sosira&luding developments in the economy,
opinion polls and surveys, so the betting outcome at anytp®ia weighted average of the strengths
of their beliefs. Thus, prediction markets essentiallgégrate’ the many different forecasting models
used by individual market participants. Each forecast iglted by a metricw,, ;, based on the weight
of betting, to produce a probability forecast of the everntcome: see Hendry and Reade (2009). A
combination of individual forecasts can outperform anyniittial forecast by delivering a smaller mean-
square forecast erroMSFE) than any one alone as first shown by Bates and Granger (1968 A(olfi,
Capistran and Timmermann, 2011). When models are paxiiddeations, a combination of them might
improve by cancelling offsetting biases as in Hendry andr@lets (2004). If all relevant explanatory
variables were orthogonal, and models used subsets theheof their combination would reflect all
available information, though not necessarily optimally.

Prediction markets inevitably have a termination point,wiich date, the probability must have
converged on either 0 or 1. Passage of time magiersse and affects betting on the probability of
the event being forecasted. Thus, it is almost inevitabde ithterval forecasts will narrow, and most
‘prediction markets’ graphs drift towards the actual outeex post However, it is still possible to get
a ‘last second’ major shift, such as an overtime goal in spdeading to a large switch in probability.
Thus, like most economic forecasts, future location slsiésm to be assumed absent by participants in
such markets, although the intrinsic uncertainty of sucbssibility may affect the size of bets made and
the bid/offer spread. Nevertheless, prediction markedsagpotential source of information that might
help forecast breaks.
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4.5 Improved data at the forecast origin

Castle and Hendry (2010b) analyze the four problems of imisdata’, ‘measurement error’, ‘chang-
ing database’, and ‘breaks’ intrinsic to nowcasting. Thiegve that when breaks occur in that setting,
‘nowcasting’ can be improved by adopting a general inforamaset which includes the sources just
discussed. Data are analyzed byAartometricsapproach embodying IIS, and using robust forecasting
devices, similar to the approach considered here in theegbof forecasting. An obvious benefit of
more accurate data at the forecast origin is knowledge ofevéue economy actually is, allowing a better
assessment of the sources and magnitudes of breaks.

5 Model formulation for forecasting breaks

In this section, we outline the non-linear forecasting fesrark. The aim is to forecast a vector of

stochastic variable§y ., } over a forecast horizoh = 1, ..., H, from a forecast origin &f', when the
possibility of a break is omnipresent. The joint densityypfat timet is Dy, (y:[Y} ", Wi * q:, k)
conditional onY!™} = (y;—r,...,y;—1) andW!™* = (w;_, ..., w;), which are variables that be-

come relevant at breaks, wheajedenotes the deterministic terms such as intercepts, t@mdiknown
indicators, and k. } are the agents’ decision parameters.

We first consider the formulation of forecasting model§5il, then address forecasting using non-
linear models ing5.2. Next, we describe a setting §6.3 where a break is treated as an ‘absorbing
barrier’, which when ‘hit’ irreversibly alters the proced&/e then consider a smooth transition to such a
barrier. Fifth, to facilitate the model selection proceshudiscussed in section 6, and avoid identification
problems under the null of linearity, we describe an appnation based on a Taylor-series expansion in
§5.4. Finally, we discuss testing for non-linearity§.5.

5.1 Forecasting models

A ‘conventional’ model fory, can be written ady (y,[Y!~F,q;, 0), with a subset of deterministic
terms,q;, lag length%k and stochastic specification defined by the paramétershis model is fitted
over the sample = 1, ..., T to produce the forecast sequerger.r}. The parameter estimates are

functions of the measured data, which is dend@d and the in-sample set of deterministic ter@%,
so that using the full sample:

5(T) =fr (?’}m QlT) ©)

where the parenthetical subscript@in (9) denotes using data till tirE. Letting the model be denoted
by y: = g(-) + &, then forecasts ignoring breaks are given by:

YT4h|T = 8h (37?"““, QITH” a(T)) (10)

leading to the sequence of forecast erefs ;v = yr+n — Yr4nr- Clements and Hendry (2006)
provide a taxonomy of sources of forecast errors.

Since shifts in the density function gf depend o{w} (elements ofC above), investigators would
want to include such variables in the model if known. Althbuigmay not be possible to know, or obtain,
all the constituents o, for any particular analysis, we allow that a subset mightuadlable at a higher
frequency, denoted hy; ;. This then entails estimating an additional parameterovget In practice,
there may not be a history to include, and the relevant in&bion may not initially be numerical, for
example a terrorist attack is a one-off observation probedpresented later by an indicator. Therefore,
inclusion ofz;_s may be via an adjustment rather than direct modelling §3e2 below). The model
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now is My, (yt\Y,f:’f, z;:g,at, 0, p;), so we need to consider its possible formulation, and do so as
non-linear relationship. Clements and Galvao (2004) sieenArtis, Osborn and Birchenhall (2004) and
Kock and Terasvirta (2010) demonstrate the relevance oflinear models for forecasting. Here, the
emphasis is on incorporating components that facilitabef)s’ to capture location shifts.

5.2 Non-linear functions

There are two possible objectives when forecasting usimglinear models: either the non-linear model
attempts to forecast the structural break a$id below, or it is used to update after a break has occurred
as discussed ifi7.2. Models in the former class attempt to directly modelctiral breaks in the form
of location shifts, relying on regularities in the break g#ss to capture the transition from one regime
to another. Such models include switching regression nsade the various forms of smooth-transition
regression (STR) models. This assumes that informationtaii@aks is embodied in the regular in-
formation set7;. Forecasts for this class of non-linear model approach ticenditional mean of the
process as the horizon lengthens, see Clements and Kr@&ag) and Clements and Hendry (2006).
Models in the second class concern unpredicted breaks.atrc#ise, the break was not forecast even
with a non-linear model. However, once the break has ocduaenon-linear model may capture the
transition to a new equilibrium. Models in this class in@uabn-linear learning functions, such as the
ogive function utilized ir§8.

5.3 Threshold models

Consider a bank where its net wortN; = A;_1 — L;_1, fluctuates with the value of its assets, 1,
mainly loans, less its liabilitiesL;_; (deposits) which are are relatively constant, whén/A;_; is
small, say 10%. Whed 7 falls sufficiently thatNr,; < 0, the bank is bankrupt and is closed, inducing
a major regime or location shift. Such a large break may béigiable from the past ‘regular’ behaviour,
and the change id need not be much larger than usual: Lehman Brothers proyidssible example,
where a fall of around 5% iml was sufficient forNr; < 0 asNp/Ar_1 < 0.05. This threshold
effect could be captured by a threshold autoregressive TAdtlel, see Tong (1990), where:

AN; = AA;_ 1 —AL;i_q if AAy_ 1 +Ni21 >0
ANt = Bt if AAt—l + Nt_l < 0
whereB; is degenerate, denoting bankruptcy.

The STR model generalizes the threshold model to allow fon@oth, rather than an abrupt, transi-
tion between regimes:

Yy = ,B/Xt + (B'Xt)G(st; v, C) + u; where u; ~ IN [0, O'?L] (11)
fort =1,...,T, whereG (-) is a transition function. Various distributional assurop can be made
for the transition function, and here we consider the logisansition function:

-1
St — C -1
G (oine) = |1+ { - ()] =l e (- 12

In this monotonic transitiony is the steepness parameter as a function of the transitidable, s;, o5

is its standard deviation, andis the switching threshold parameter. As— oo, the model becomes
a two regime-switching regression model, and> 0 is an identifying restriction. These models fo-
cus on predictable shifts, and although their forecastoperdnce to date is uninspiring, seter alia,
Granger and Terasvirta (1993, ch.8), Tiao and Tsay (1Boks (1997), Stock and Watson (1999),
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Clements, Franses and Swanson (2004) and Granger (200%) famorable results are reported in Dahl
and Hylleberg (2004) and Marcellino (2004). See Kock anda3arta (2010) in thisHandbookfor

a clear discussion and further references. Neural netwamd&sanother popular method of non-linear
forecasting, see Swanson and White (1995, 1997) and Argsiger (1996). Furthermore, Marcellino

(2004) and Terasvirta, van Dijk and Medeiros (2005) comsfdrecasting large numbers of macroeco-
nomic variables using neural networks.

5.4 Approximating the logistic transition function

The model in (11) can be approximated by replacing the lmgishnsition function with a third-order
Taylor expansior:

yr >~ B'x; + (0'xy) l + 2 z_f’ + vy (13)
2 4 48
which can be estimated as the linearized model:
Y = o) x; + abxys; + abxes? + alxis? + g, v ap IN [0, 012)] (14)
For a scalax;, the mappings from (11) to (14) are:
0 Ovc O3 0 30~3¢2 360~3¢ (1%
am=pf+g— L 7—A3;042= j—%;a:s: 132044:—%3-
2 dos 4807 405 480, 480, 4807

The key advantages of considering forms like (14) rather (4) are:

(a) the former are always identified (whereas the latter ateinder the null of linearity);

(b) the candidate regressor sgtmay be large, both from lagged values and many potentiabifsict

(c) the lags at which transition functions enter cannot kstuded theoretically so must be data based,;
and

(d) in-sample outliers, data contamination and locatidfisshtill need handling.

Consequently, model selection is inevitably required. rActtired approach that controls the null reten-
tion frequency of irrelevant variables while maintaininigthefficiency for handling outliers under the
null is essential, as addressed in section 6. The disadyaofg14) is that polynomials are not bounded
which could be particularly problematic in a forecastingitext. Alternative expansions to (13) ensuring
boundedness could be used. However, (14) is an intermestegie after which encompassing tests will
be used to obtain a bounded representation, so we do noipatgiaising (14) directly for forecasting.
First we consider testing for non-linearity in-sample asexprsor to selection.

5.5 Testing for non-linearity

A test of non-linearity is required to evaluate whether aegilinear model is already sufficient, or
whether a non-linear approximation must be utilized. @zatld Hendry (2010a) develop a low-dimension
portmanteau test for use in a model selection framework. €igpenvectors of the data second-moment
matrix of then > 1 linear regressorgx,} induce transformations tén,}, then individual element
squares and cubes,%t andnit, are added to the linear model. For fixed regressgrshe test that the
added variables are irrelevant is an eXdadest with2n degrees of freedom under the null (as there are

*The second derivative” (z) |.—o = 0, whereG (z) = [1 +e 7] ~!, so thez? term drops out of the Taylor expansion.

, . 3
There is still a quadratic component in, as the cubic expansion of = ~3 (ﬂ) is included withG’ (2) |.=0 =

1 andG" (z) |.=0 = —<. The fourth order term i&"”" (z)|.—o = 0, so the next relevant term is the fifth order term,
3 5

G"" (z) |-=0 = 3. Inserting into the Taylor expansion yields(z) ~ 3 + % — 3% + £5. The orthogonal component of the

fifth derivative relative to the third is likely to be smalb ¢he third-order Taylor expansion in (13) seems sufficient.
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n elements inn,), and is correctly sized. They show it has power against dieg@s from linearity in
many directions, including asymmetry or skewness. Thisisean alternative to the functional-form, or
heteroskedasticity, test in White (1980), but:

(a) tests for departures in up to the third derivative;

(b) reduces the dimensionality of such a test frbm= %n(n +1)(n+2)to2n;

(c) can be applied wheh/ >> T but3n < T’ yet

(d) avoids potential high collinearity between functiorig®; }.

Generalizations to include additional functional forms;tsas exponentials, are straightforward and re-
sult in a furthern degrees of freedom per component. Importantly, the tesbeapplied after handling
in-sample location shifts using 11S while retaining allder regressors, as shown in Castle and Hendry
(2009).

6 Selecting a forecasting model

In this section, we discuss automatic selection of a nogaliiorecasting model, addressing requirement
(5) of §1.1. Automatic model selection is an essential componeaup§trategy, since we envisage:
e a large setp, of initial candidate variablegx;}, some at high frequencies as discussed above;
e an even larger number of non-linear functiong ®f}, approximating ogive-type responses; and
e impulse-indicator saturation to handle data contaminatautliers and breaks, addiriy additional
candidates;
to make a total number of candidate variables denotedy by

§6.1 outlines the salient ideas of tAetometricsapproach§6.2 describes IS and explains the need
to avoid non-linear functions aligning with outliers or bks, since such ‘spurious’ relationships could
prove detrimental when forecasting6.3 discusses the specific issues involved when modellimg no
linearity, and§6.4 considers the reduction to a theory-based form, chdoke&mhcompassing.

6.1 Automatic model selection

A key feature of automatic multi-path search methods Akéometricss that they can can handle more
candidate variables), than observations]’, see Hendry and Krolzig (2005), and Doornik (2007).
They achieve this by sequentially entering variables ickdahat are smaller thafi/2, recording what
variables are significant in that block, then dropping it tdee another block. The collected set of
significant variables is then entered jointly, or the prageds repeated if too many intermediate variables
matter, and a reduction conducted to find the minimal congrdeminant subset. Expanding searches
explore if any non-included variables may still matter.

Denoting the nominal rejection frequency of individualesion tests byy, then on average: NV
irrelevant variables will be retained by chance signifieafrom the NV initial candidates. By setting
a < 1/N, all but one of the irrelevant variables will be eliminatedaverage, so the costs of search are
small. Also, even with many irrelevant candidate regresgautometricshas a null retention frequency
close to its nominal size. Because IIS ensures near noypihié associated critical value,, is not too
large even for quite small values af e.g.,c, = 3.5 ata = 0.0005. It is also feasible to bias correct for
selection, which reduces the mean-square erMdSHs) of retained irrelevant variables at a small cost
in increasedMSEs for relevant variables. Finally, the retention of reléveariables is usually close to
the theoretical power of the corresponding (one-off) digance test under the alternative.
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6.2 Impulse-indicator saturation

Impulse-indicator saturation (11S) adds an indicator feerg observation to the candidate regressor set.
After selection, the significant sub-set removes the ingpatbreaks and outliers, as well as ensuring
near normality, which is important for conducting conventl inference during search. Impulse indi-
cators, denoted;_;, V¢, are generated for every observation, dividing these jnsnibsets, just = 2
for the ‘split sample’ approach. Each subset forms an initiadel to be searched, withutometrics
recording the significant indicators, and forming a jointdabas the union of these. Thé&wtometrics
re-selects the indicators that remain significant. Undemithll that there are no outlierg;l" indicators
will be retained on average for a significance leveh a sample of siz&. Consequently, Johansen and
Nielsen (2009) establish that IIS is an efficient robustistiadl method. For example, when= 1/T,
only one observation is ‘removed’ on average, so |Ii% efficient forT = 100. Thus, despite adding
greatly to the number of variables in any model selectioncedlS suffers little efficiency loss under the
null of no contamination, as against a potentially largedmi avoiding unmodelled outliers and breaks.
The important difference between outlier detection anddli8ustrated by Hendry and Reade (2008).
Problems arise for non-linear model selection when fé¢dadistributions result in extreme observa-
tions. There is an increased probability that non-lineacfiwns will align with outliers, in effect acting
as indicators, and so being retained too often during sedfdhn in-sample modelling this is not too
problematic, as the representations will be similar, bufdoecasting, can differ markedly. This can be
illustrated even in a linear setting where an outlier is espnted byl;,_;, which takes the value 1 in
periods and0 otherwise, for a regression between two unconnected Vasiab

gy = Pay+0ly_g +u; Where u, ~ IN[0,07] (15)
vy = Ylg—g +vp With v, ~IN [0,03] (16)

where = 0, E[vu] = Qandau = o0, = 1. If the indicator is omitted from the mode] = Ax; + uy,
the estimated coefficientis:

3= 2Ty DY 1%t:5} + 22 (6vr +yug) Lpp—gy + D viwy
LY VX iy + 20 Dol =) + 207

0y + (dvs + yus) + D viug
Y2+ 2yvs + D02

(17)

as) 1%t:s} = 1. SinceE[v;] = EJus] = 0 and (as the denominator cannot be zero) we approximate by:

~ oy
E N ~ 7
as:
Vv m _ ! (18)
TEaR T AT
then: 2 5212
E M ~ T (19)
To illustrate, supposé = 6, v = 5, andT = 100. Then:
62 x 52
2
S ———— =72 2
tﬁ 52 4+ 100 7 (20)

While single outliers need to be quite large for this effétat is plausible when considering non-linear
transformations.
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6.3 Modelling non-linearity

Econometric modelling of non-linear processes preseriblgms over and above those encountered
when developing linear econometric models. Identifyinghjue non-linear representation of an eco-
nomic local data generating process (LDGP) can be difficuthare are an infinite number of potential
functional forms. The three key concerns for the econogiatriare specification of the functional form,
selection of the relevant variables, lags etc., and ideatibn of the parameters.

The methodology proposed here is to commence from very genadels which nest a class of
LDGPs suggested by theory. When the functional form and ¢hefsrelevant variables are both un-
known, the non-linearity test if5.5 has power to reject a false null, even for collinear lineaiables
and when there are potentially more non-linear functioras thbservations. Hence, it can be used in
situations where other non-linearity tests are infeasifilae pre-test can establish whether there is a
substantive non-linearity in-sample to merit modellinfsd, the non-linearity is first approximated by
a general cubic, and model selection carried out with lI8iaeing the identification problem of stan-
dard non-linear modelling by commencing with an identifiggpr@ximation. Evidence on the forecast
performance of non-linear models suggests that the neaylity must be tightly specified to avoid poor
forecast performance. Therefore, encompassing testk ¢hedinal selection against the theoretical
functional form for further reductions. Thus, the alganithackles the specification, selection and iden-
tification problems.

The algorithm commences with the general polynomial agpration:

T
ye = B'wi +7'g(wy) + Zéil{t:ti} +o for t=1,...,T, (21)
i=1

wherew, is then x 1 vector of potentially relevant variables ag@w;) is them x 1 vector of non-linear
transformations. (21) nests (14), the polynomial appratiom of the STR model, withv; = (x;,s;)’.

It also allows for other breaks via impulse indicators, all a®predictable breaks captured by regimes
parameterized by, ¢) above, which could be vectors allowing for more than 2 reginiéhe variables
are reparameterized by double de-meaning all regressansGastle and Hendry (2009). Selection is
undertaken using the technique for more variables thameditsens inAutometrics with especially tight
significance levels to control the null rejection frequegoxen the large number of non-linear functions.
Mis-specification tests are applied to check the congruehdye reduction from (21).

6.4 Reduction to a theory-based form

Finally, the selected model is tested against the econaiaets preferred non-linear functional form,
f (+) say. When that specification is a good representation of dte, the polynomial approximations
should become insignificant in the augmented model, andgiaaed by a significanf (-). This pro-
cedure avoids the identification problems associated wittieting specific classes of non-linearity, yet
allows one to conclude with a specific functional form if tiethe best representation.

The LDGP has two unknown components, the relevant variadmestheir functional forms. The
polynomial approximation overcomes the latter and mudtipsearch solves the former, while the indi-
cators capture outliers and breaks as well as avoiding retention of spurious non-linear functions. In
practice, the precise set of relevant variables, tramsutariables, lag lengths, outliers, and breaks are not
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known, so the search commences with the general unredtrniobelel (GUM):

n
ZBmzt'i_zzﬂz,]mztxjt"’_zzze,]kxztm]tmkt+227z]mzt3]t

i=1 j=1 i=1 j=1i k=j i=1 j=1

+ZZA”xltth+ZZ¢,J%%+251{t 0+ e (22)

=1 j=1 =1 j=1

wheree; ~ IN [0,02]. There are:

e n, potential regressors;, including lags ofw; and an intercept;

e m potential transition variables; and

e T indicators;

resulting inM + 3nm + T variables in the GUM.

As the postulated model is a threshold/STR model, we sepatdaithe potential transition variables, but
in principle the transition variables could just be incldde the set of potential regressoss, resulting

in a fourth-order polynomial GUM.

The model selected by akutometricgprocedure should capture the non-linearity inherent inBR S
model, while enabling a more general specification to becgsdef required. The approximation to the
LSTR model can be tested by augmenting the final model selégtéutometricswith the non-linear
component of the LSTR model. Eitrheim and Terasvirta (J29&l Terasvirta (1998) propose a test
of no additive non-linearity as follows. Suppokeaelevant variables were retained € n), and one
transition variable was selectetl € m) given by s;, then the test of the approximation to the LSTR
model would be:

Hy:m=pu=v=0 (23)

for the regression:
k k k ko
Z Ti%it + Z TiTitS1¢ + Z ﬁz’xz‘,tsit + Z %f’fi,té’it
i=1 i=1 i=1 =1
3 (Bs) |14 e {5 ()} 4 (24)
i=1 o

S1

where™ denotes the estimated parameters after including the LS@dRemThus, while the polynomial
approximation enables the econometrician to remain agnegarding the functional form at the stage
of the GUM, the resulting specific model can be tested ag#iestconometrician’s preferred functional
form as in (24). This provides a rigorous test for the vajidit the postulated non-linear model.

7 Forecasting breaks and forecasting during breaks

In this section, we draw together the previous analysesisiiicg aspects of the six necessary conditions
for successfully forecasting breaks. It is helpful to cdesitwo potential settings. In the first, considered
briefly in §7.1, we focus on a regime shift rather than an unanticipatedkb A related switch has
occurred before, and has enabled parameters to be estithateadre relevant to forecasting a repeat
switch. In the second, the subject§df.2, the forecast is having to take place during a new brehlghw
may be a new location shif§7.2.1) or a new exponential brealk/(2.3).
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7.1 Forecasting a regime shift

A shift may have occurred in the past which provides eviddodacilitate a repeat forecast. The recent
financial crisis does not make such a comment read too welhesie were many possible precursors,
none of which enabled fore-warning of the precipitous qd&s that ensued. Nevertheless, a variety
of models have been proposed that could allow forecastsiit$,sbf which we consider the threshold
class below as an example. Others include the stop-breaklnmingle and Smith (1999) and the ACR
model of Bec, Rahbek and Shephard (2008), as well as regiitehtng models and Markov switching
VARSs, where in both cases, past data enable the estimatimgiofie-switching probabilities. However,
the forecasting performance of such models has not so far theestellar, even in simulations where a
switching process generates the data: see e.g., Clemehisralzig (1998). The Bank of England use
a suite of models to detect breaks, the pooling of which mayypa non-linear transition function, see
Labhard, Kapetanios and Price (2007).

Panel-data models for predicting crises are often couchddrins of indicators formed from ob-
served data series: see among others, Kaminsky, LizondBeintiart (1998b, 1998a), Berg and Pattillo
(1999), Demirguc-Kunt and Detragiache (2000), Kumar,oMioy and Perraudin (2003), and Komu-
lainen and Lukkarila (2003).Most of the variables entering such analyses are part oftpaar forces
in economics,7;_1, albeit including cross-country variation, rather thaffiedlent sources, but often have
increased impacts at thresholds. As ever, to forecast ttdoneak or crisis requires that the same forces
operate in the same way, and that the model remains sufficeristant for a viable forecast.

Hendry and Ericsson (1991) provide an example of foreagstinepeated break. They use a non-
linear learning function for the UK based on functional faermd parameter estimates previously obtained
by Baba, Hendry and Starr (1992) for the US. The learningtfanavas estimated non-linearly in subse-
guent analysis in Ericsson (1999). This offers an altevedt non-linear models that rely on past regime
shifts within the data set in use. Instead, additional sssiaf information, such as whether a similar
break has occurred elsewhere, may yield more rapid updafifigecasts during a break transition.

While the general polynomial form (22) can provide a goodrapimation in-sample, for forecasting
purposes the model needs to be tightly specified and the finahepassing stage achieves this objective.
Therefore it is sufficient to examine the forecast perforogaof specific non-linear functional forms as
successful model selection will result in an identified #jpeoon-linear model. Non-linear functional
forms that are able to partly predict regime shifts must b&hefform of a threshold type model, con-
tingent on the requirements for predictability discussegli. A location shift is like a threshold effect
where a ‘jump’ occurs when a variable exceeds a given leuath @ ‘break’ is then latent in the DGP.
There are many possible threshold models, and as yet it isamehich are most relevant, but it may be
possible to approximate the class by one general membeeadt bne past shift is essential to identify
the threshold reaction, which then requires that form tg stanstant long enough to be the basis for
forecasting a later shift.

We assess the forecast performance of the LSTAR model whel@®&P is given by:

~1
. 1—c
Yt = p+ pYt—1 + K [l—exp <—7 (L; ))] + & (25)
y

wheree; ~ IN[0,02] andy = 3. We consider three break sizes of magnitudg 30, and 50,
whereV [y] = ai, and four break probabilities, 1%, 5%, 10% and 20%, whichganeerned by the
threshold parameter. We compute twenty 1-step ahead forecasts for two samps,diz= 100 and
1000, discarding the initial 100 observation8/ = 1000 replications were undertaken, discarding any

30ne reason why we specifically call our procedure impulsksator saturation to minimize confusion with the many
senses of ‘indicator’ and ‘impulse’.
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replications that did not converge. DGP parameter valugs weed as initial conditions for the LSTAR
estimation.

In the first simulation, we consider forecasting at the fastorigin, regardless of which regime the
process is currently in. In the second simulation, we salecprocess such that there is a break at the
forecast origin, and compute just the 1-step foreca$t-atl.* The forecasts are based on the in-sample
parameter estimates, so are not recursive.

T=100; H=20 forecasts T=1000; H=200 forecasts
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T=1000; H=1 forecast at break
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Figure 2: Fraction of draws in which LSTR moddiSFE is lower than AR(1) and RW models

Results are recorded in figure 11.2, which reports the traatf draws in which the LSTAR model
MSFE is lower than those of benchmark AR(1) and random walk (RWjl@& This is a more robust
statistic than averagdSFE. Panels (a) and (b) correspond to the first experiment, amelpéc) and (d)
for forecasts at the break point. The horizontal axis rextind percentage of breaks, controlledcby

The results suggest that when the break is of a moderatersizecaurs fairly frequently, the LSTAR
forecasts are comparable to the benchmark AR(1) and RWdstecWhen breaks are small, or when
they are large but they occur infrequently, a linear appnation is often preferable. For a break at
the forecast origin, the information in the non-linear modees yield benefits over the benchmark
forecasts. In this case, the smooth-transition model &stscconsiderably better than the AR(1) and
RW at moderate thresholds, but again, when breaks are langhem shifts occur frequently, the linear
models are preferable. These results rely on a constark preaess, such that a structural break at the
forecast origin must have occurred previously for the LST@s8mates to be accurate. Hence, there is
evidence of a benefit in using non-linear models to foredesbaeak origin, but this is dependent on the
size and frequency of breaks in the in-sample process. Tireséems are mitigated, but not resolved,
at larger sample sizes.

“The definition of a break is ambiguous in a smooth transitiodeh so we define the break @s < E [y;] andyry+1 >
E [y;], wherey; is the process in the upper regime. For a breakoqf, E [y;] = 5.
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7.2 Forecasting during new breaks

Forecasting an imminent location shift is key to avoidingaes forecasting and policy failures. How-
ever, that goal remains elusive. We now consider foregashiming a break, noting two approaches:
(a) forecasting facing a shift in the intercept of a model efdabley induced by another observable
variablez; and

(b) when the shift is of a known exponential form and timing.

The accuracy of break forecasts will also be addressedsrséation.

Even forecasting during a break is difficult. An ‘externafebk is defined as one in which the
forecasting model stays constant, whereas an ‘internaglbis one in which the model itself shifts.
For an external break, the resultant changes in collinebetween explanatory variables (both included
and incorrectly omitted) inevitably increase the foreaasbr uncertainty, as measuredMgFE. When
a break is internal, even when of a known form and timing,nestion uncertainty entails that robust
devices perform as well. Nevertheless, if the ‘outsideialale that enters the threshold function can
trigger a crossing by its stochastic behaviour alone, aneremagged, then forecasting a future shift
becomes possible in principle, albeit with the conversagdanf ‘predicting’ too many false breaks.

7.2.1 Forecasting during a new location shift

The idea explored in this section is to use changes tm forecast breaks i which have happened
sufficiently far in advance, here one period. The DGP we camss given by:

Yt ¢ Py LT Yt—1 €t
(8)= (o) =% M) (e )+ () @)

where 1;,>7-y is an indicator function which is zero untf* and 1 after. In (26),¢; ~ IN[0, o2],
v ~ IN[0,02], andE[e;vs] = 0, V¢, s. Thus,y, does not depend on_1 till t+ = T*, at which point it
experiences an induced location shiftafask [y,] = ¢,/ (1 —p,) = v, Elz] =7, = ¢./ (1 —p.)
till 7. At that stagez;_1 could not usefully be included in the modelgfas its coefficient in (28) was
zero till then. Therk [yr«| = ¢, + p,v, + 7, and:

Elyra] = (1+ py) ((by +7.) + p?ﬂyy
Elyr-s] = (1 oy +03) (6, +72) + Py,
Elyr-a] Z Py (8 +7:) + oy,

1=0

gradually converging to the new equilibrium mear(of +~,)/(1—p,). Figure 11.3 plots the evolution
of E [yr~4] for the DGP values given ifi7.2.2.

Large and systematic forecast failure would ensue if namaoiias taken to correct the pre-break
model,y: = ¢, + p,y1—1 + €, oOr its forecasts. An intercept correction (IC) based onfitts¢ major
error, with an average of,, would be an effective robust device. If the usual calcuratbf dou—
bling the error variance held, then the root mean squaredsteerror RMSFE) would be 2 as
agalnst\/wz + o2 for not adjusting, which is larger whenever > o.. The differenced forecast
yT*-i-h\T*-i—h 1 = Y1*+h-1, would have average errors wz + py,}/y) py(lyz + py’yy) py(,}/z + pylyy)
etc., so quickly become about half the uncorrected errarswbuld also have an increased error vari-
ance. The estimated new model, which we write friom 7™ asy; = yr — ¢, — pyyt—1 = A2t—1 + €,
assuming a sufficiently large prior sample that estimatioredtainty can be ignored for,, p,, yields at

T*.
E [xT*] e
ATx—1

A T 27)
zT*—l
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Figure 3:E [yr« ;] fori = 0,...,20 for DGP (26) with¢,, = 0, ¢, = 2, p, = 0.8 andp, = 0.5.

so acts like an intercept correction, and could well havellsmean errors, but itRMSFE is hard to
obtain analytically. Updating by extending the indicatasuld rapidly reduce the estimation variance,
as we now show in a simulation study.

7.2.2 Monte Carlo

We setT™ = 95, T' = 100, ¢, = 0, ¢, = 2, p, = 0.8 andp, = 0.5 with M = 1000 replications
undertaken for the DGP:

(2)=(9)+ (% Mo ) (v )+ () 28)

ThenE [ygs] = 4, E[ygs] = 7.2, E[ygr] = 9.76, E [ygg] = 11.81, converging towards the new equilib-
rium mean of20, see fig. 11.3.

Figure 11.4 records the breakpoint Chow test rejectioruieagies after the break has occurred for the
estimated unadjusted model, which coincides with the DG$ample. The break is clearly detectable,
even atl™, as the mean has shifted by 4 standard deviations.
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T e

0.975 /

0.95¢+ /
/ —— Breakpoint Chow test 1%

0.925- ,/ ---- Breakpoint Chow test 5%

0.900-
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0.825-

I I I 1 I
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Figure 4: Breakpoint Chow test rejection frequencies

Table 11.1 reports the seven forecasting models considaretifig. 11.5 records the mean error
(ME) andRMSFE for 1-step ahead forecasts ovéf + h for h = 0, ..., 5 for each model, calculated
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Model YT 4| T +h—1 = Notes

[1] DGP ngby + PyYT 4 h1 + 2 ph1 Impose\ = 1, i.e., infeasible benchmark
[2] Unadjusted ¢y, + PyYT*+h—1 Estimated in-sample with no adjustment
[3] Unadjusted recursive ?y + PyYTth—1 B Recursive updating of unadjusted model
[4] DGP recursive isy + PyYrerh-1+ %ZT*+h—1 Correct model but estimating recursively
[5] DGP post-break ¢y + Pyyr++h-1 + A2r+1p—1  Model estimated over post-break sample
[6] DD YT+ h—1 Differenced device

[7] IC 5y + pyyr=+h—1+ur-1p—1  Intercept correction, adding in last residual

Table 11.1: Forecasting models. Notésj, p, are estimated ovefr = 1,..., 7" — 1. %7 p, are

estimated ovet =1,...,T* + h. )\ is estimated ovet = T, ...,T" 4+ h. upyp—1 is the residual from
the last in-sample observation.

1

95 96 97 98 99 100
\H DGP -¥-¥- Unadjusted-v--v- Unadjusted recursivee-e- DGP recursive-©-© DGP post-break:------ DD ——- IC\

Figure 5:ME andRMSFE for each forecasting model when a break occufB*at= 95.

by:
LM
ME = -; > (Yresn = Fresnrein) s h=0,....5

i=1

M 2
1 ~ 2
RMSFE = i E (yrsh = Uresn|T*+h-1) ) , h=0,...,5.
i1

Monte Carlo uncertainty is measured by the standard dewiafi the mean forecast error for each model
at each horizon. The MC uncertainty is similar across all ednd is 1.6 on average.

If the break was known to occur &t*, and the weight on;_; were also known as in [1], there
would be no systematic forecast error. However, if the brgak unpredictable, all forecasting devices
would make a forecast error of magnitugle = 4 at the breakpoint. If the unadjusted model (which is
correct in-sample) is retained with the coefficients estadaver the in-sample period, [2], there would
be a systematic error of size for all forecast periods. If instead the unadjusted moded reaursively
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estimated, [3], the bias begins to decline after two perthgsto the recursively estimated coefficigpt
converging to unity, imposing a unit root to account for theak. The mis-specification due to omitting
21 is not directly causing the forecast failure: if the modelinledz; ; for the whole sample, and the
coefficients are again estimated recursively, [4], thereste p, is almost identical to that of the mis-
specified model, and the estimate)ofthe coefficient orx;_;) is close to zero despite the true parameter
having a weight of unity after the break point.

1.1-|— By - By T i0- T TTTTTTTTTTTT
[ — 20 -~ 2] | |— Adjusted modelA
1.0~ | |——- Adjusted model post-break;
I N B R +20
0.9~ 0.5+
o8 7 T
0.7 0.0
I ! ! ! ! I [ L ] b |
95 96 97 98 99 100t 95 96 97 98 99 100t _,
ME 4.5 RMSFE
—— Fixed parameters - || —— Fixed parameters -
4.4- |- —- Estimated parameters ~ ~"~~_ _ '|—— - Estimated parameters -
P I
[ // 46? ____ 7
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L 4 s
// 44* //
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4.0 /\/\ Pl
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Figure 6: Parameter estimates for unadjusted and adjusteeéls) and impact of parameter estimation
uncertainty orME andRMSFE.

Fig. 11.6, panel a, records the recursively-estimatedficaeft p,, for the unadjusted and adjusted

models, both of which converge rapidly on unity, and panetdords the recursive estimatesvhich
are close to zero (solid line). The adjusted model would riedzk estimated only over the post-break
period in order to obtain an unbiased estimate\ ofb]. This is infeasible at the break point as the
process enters with a lag, buttat 7* + 1, there is one observation from which to estimatey A+ as

in (27) Hence, we can obtain a forecast §g%_, from:

YT 2|7 41 = Gy + PyyT*+1 + A= 275 11 (29)

making the forecasts far* and7*+1 equal to the unadjusted model, then includipng; with coefficient
estimatelr-. For theT* + 3 forecast, there are two post-break data points from whiakstonate),
etc., so the estimate will become more accurate as time nua&sthe break point. The coefficient
estimateXT*H is reported in fig. 11.6, panel b (dashed line: standard £ace not reported asp- is
only based on one observation). Despite only having 1-4reatens from which to obtain an estimate,
the coefficient estimates are close\aso the mean forecast error declines from pefidt+ 2 onwards.
The forecasts from the adjusted model estimated post-lm@akerge to the differenced device fore-
cast. The mean error for DD, [6], declines at a rage/z, so the average errors ate3.2, 2.56, 2.05,
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but have an increased error variance. The intercept cedeairvice, [7], correctly adjusts one period
after the break for the forecast error made at the breakl;pand subsequent forecast errors are close
to zero. The IC forecast-error uncertainty, using the méssolate error MAE), is approximately 1.5
for h = 1,...,5 which matches the theory /o), although there is a small bias causing an increase in
RMSFE. In contrast, the uncertainty for the unadjusted fore¢ast? + %) matches theIAE of 4.1,
which is substantially larger. We also examined an IC thatusn average of the last 2 residuals but
there was no improvement relative to the IC using 1 residétiernative forms of intercept correction
would result in slightly different forecasts, but the cargibns would not change significantly. The IC
forecast outperforms all other devices ufitil= 100.

In the above experiments, we sgt = 0 but a non-zero mean for thg process has little effect on
the forecasts, so results fgr, # 0 are not reported. The above simulations included the immiaict-
sample parameter estimation uncertainty, but using fixeahpeters instead results in little difference in
forecast accuracy. Fig. 11.6 c and d compaié&sandRMSFE for the unadjusted in-sample model with
fixed and estimated parameters. Estimating the parametarssively has an important impact when the
model is mis-specified, ag, rapidly converges on unity to account for the break.

Finally we consider the impact of the break magnitude ondaseaccuracy rankings. When < o,
the RMSFE for the IC would be larger than the unadjusted forecast, 56 fe= 0.5, theny, =1 = o..
The sequence of outcomesH$ygs| = 1, E [yos] = 1.8, E [yg7] = 2.44, converging to a new equilibrium
of 5. Hence, the break &t* is of sizes.. Figure 11.7 records thélE andRMSFE in the top panels.
The rankings based dviE are similar to the previous case, although the estimatedljyeak model has
a near-zero mean at= 2, but a much largeRMSFE ath = 2 as\is highly uncertain. When the break
is small, it is difficult to identify the coefficient oA until two or more observations are available. Other
than model [5], all forecasting devices have simRMSFES here as expected given the theory, although
the DD dominates in this example. When < o, (panels c and d), with, = 0.4 sovy, = 0.8, the IC
has a higheRMSFE than the unadjusted model, with the DD and recursive fots@gperforming.

To conclude, when the break is large, such that the mean gfrdeess that enters &t* is signifi-
cantly larger thaw, IC is preferable to many forecasting devices. It providasiased forecasts with the
increased variance being a small price to pay. If the breaknill, IC can be more costly than DD. All
devices miss the break-point as the break was unpredictai@® knowing that,_; enters atl™ with
a coefficient of unity. The known model with estimated parearseprovides an upper bound on how
(un)forecastable the effects of such breaks are. We nektdbdorecasting during a new exponential
break and find that IC and DD are equivalent in that case.

7.2.3 Forecasting during a new exponential break

When a break is internal to a model, so it experiences a siiftnation uncertainty can be so large even
when the form and timing of the shift are known that robustickewv perform as well as the estimated
DGP. Castleet al. (2010) consider a simple DGP given by:

ye=a+ A1 —exp(—[t — T+ 1) 1ysry + e with ¢ ~ IN[0,02] (30)

wherey > 0. The timeT of the break and the form it takes are assumed known, whichl cmidue

to information inK;_s, but the parameter values are unknown. They consider ladtepd forecasts
overT +1,...,T + h for the four devices of an IC, a DD, an estimate of (30), anaiigng the break.

Analytical MSFEs are shown in table 11.2.

The ranking varies with the parameter values in the DGP attid tve size of the break relative to
o2. At 1-step ahead, the first three are identical, despiteebersl not estimating any parameters, and in
general the fourth will be the largest for breaks bigger thanThe 2-step IC assumes an average across
the two forecast errors, so only estimates one parameteés. ‘§rhoothing’ imparts a bias as the error
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Figure 7:ME andRMSFE for smaller breaks in (28).

is increasing, and the DIMSFE is generally smaller than that of the IC. The DGP needs nueal
optimization to be estimated, so no analyWiSFE is presented, but simulation results show a lower
MSFE than IC. However, the first thrddSFEs are similar in the simulations up to 4 periods later, and
all are substantially smaller than ignoring the break. Thiusre is little benefit in forecast errdSFE
from knowing everything about the break other than its patans relative to robust devices that make
no such requirements and work well for other break forms,relosion supported by7.2.1.

8 Implications for economic modelling, forecasting and paty

Unmodelled breaks have rather different impacts on theetbigectives of empirical research, namely
economic modelling, forecasting and policy. In particulacation shifts as we have focused on above,
adversely affect empirical models when they are not takemaecount. Parameter estimates become
non-constant and can be far from the appropriate populatbare, see e.g., Hendry and Mizon (2010).
Fortunately, such breaks can be handled when modellingrimpke: impulse-indicator saturation can
detect and neutralize multiple breaks and outliers, redocenormality, and mitigate any spurious non-
linearity that chances to align with breaks. Despite stgrtvith large numbers of irrelevant candidate
regressors, including more candidate variables than wétsens, Autometricshas a null retention fre-
guency close to its nominal size, bias correction for selads easily implemented, and greatly reduces
the MSEs of any retained irrelevant variables. Then, provided noemocation shifts occur, such a
model will also work well for forecasting. Furthermore, tisiatisfies super exogeneity of the condition-
ing variables the model will be appropriate for policy, hyiunbiased estimates of the relevant policy
parameters. See Engle, Hendry and Richard (1983), Englélandry (1993), and Hendry and Santos
(2010).
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1-step

IC: M [er17] A exp (—2¢) [1 — exp (=) + 202

DD: M [er17] A2 exp (—2¢) [1 — exp (—1)]* + 202

DGP:M [e4/7] A% exp (—2¢) [1 — exp (—v)]* + 202

No: M [y 7] (AL —exp (=2¢)) = A (L —exp (=) + 02 (1 + 1)
2-step

IC: M [Er2741] (Nexp (—¢) (1 + exp (=) — 2exp (—2¢)) /2)* + 1.507
DD: M [e7yo741] (Nexp (—2¢) (1 — exp (—4)))? + 207

DGP:M [er o741 NA

No: M [ € T+2‘T+1] ()\ (1 —exp (—3¢)) — T+1 A(1—exp(—v))+A(1 —exp (—21/,))])2 + o2 (1 + TLH)

Table 11.2: Internal break analytidslSFE comparisons.

Unfortunately, location shifts still happen intermittigntiose to the forecast origin and out of sample,
and remain an ever-present issue for forecasting and pdlieyhave outlined some steps that might help
predict breaks; if not, then to model and forecast duringksgand if neither of those, then mitigate the
impacts of breaks on forecasting by using a robust devicedieand Mizon (2005) discuss additional
approaches with the potential to help.

Location shifts could, but need not, entail that policy paeters have altered. Conversely, policy
parameters may have altered without a location shift hawtgyrred, and may be difficult to detect till
long after they have changed: see Hendry (2000) for exanhbbsvever, most policy changes involve
level shifts in variables like taxes, interest rates etticiv become location shifts in mis-specified mod-
els, and hence will reveal previous changes in policy pararse Rescuing the forecasts from a model
by a robustifying device, so there is no apparent forecdlstréa does not imply that the resulting pol-
icy analysis is valid—nor does it vitiate that analysis. Egample, the UK communications industries
regulator and competition authority, Ofcom, had to forécscounted net TV advertising revenues 40
quarterly ahead to calculate the fee for renewing ITV3'srite to broadcast advertising. The models
and forecasts are reported in http://www.ofcom.org. @daech/tv/reports/tvadvmarket.pdStructural
change just before the forecast origin in 2003(2) was markgith new non-terrestrial TV channels,
bar-code based and internet advertising etc., affectitiy the supply of and demand for TV advertising
time. Forecasts from a differenced vector equilibriumrection model, designed to offset any location
shifts from such changes, revealed a downward trend oveddbade ahead despite the then benign
economic environment, by ‘capturing’ some of the breakigas.

Thus, the three different activities necessitate diffeesaluation criteria, and success or failure on
any one does not entail success or failure on any of the others

9 Conclusions

Whether breaks are predictable from relevant informatieeailable at the forecast origin remains un-
known as yet. But we see progress in developing forecastiodets; and methods of testing for and
selecting such models. The theory of unpredictability gstgconsidering two information sets, namely
regular forces and shift drivers, where one might modeldkied as a non-linear ogive. Recent develop-
ments in high-frequency data collection, suchGmgle Trendssuggests relevant information may be
available.
The approach proposed in this chapter builds on the exifitergture using non-linear models to

forecast regime shifts, such as smooth transition or Mawmitching models. However, the approach
also considers whether breaks that have not occurred pidyioan be predicted by use of an additional
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information set that captures break drivers. Embeddingttadysis in the context of available informa-
tion allows for a broader set of models to be considered andevethis as the dominant approach if we
are to have any success in forecasting breaks.

Commencing with a test of functional form with power agaimsange of non-linearities, thsuto-
metricsapproach can tackle data contamination, multiple breatsian-normality by impulse-indicator
saturation. It can also handle more variables than obsengatand so is a feasible approach to non-linear
modelling. Autometricsmaintains the null rejection frequency at the desired level can bias correct
the final estimates for selection.

The analyses and simulations suggest that even if a breaik medicted, its course can be tracked
quite well soon after its occurrence, albeit not much béttan robust devices.

We conclude that it is feasible to extend automatic modelcsiein algorithms for non-linear func-
tions and location shifts as a starting basis for potegtialbdelling and eventually perhaps even fore-
casting breaks.

References

Aiolfi, M., Capistran, C., and Timmermann, A. (2011). FastCombinations. In Clements, and Hendry
(2011b), Ch. 8.

Angstenberger, J. (1996). Prediction of the S&P 500 indek weural networks. In Taylor, J. G. (ed.),
Neural Networks and Their Applicationgp. 143-152. Chichester: John Wiley & Sons.

Baba, Y., Hendry, D. F., and Starr, R. M. (1992). The demand/fbin the U.S.A., 1960-1988Review
of Economic Studie®9, 25-61.

Bacon, D. W., and Watts, D. G. (1971). Estimating the tramsibetween two intersecting straight lines.
Biometrika 58, 525-534.

Barrell, R. (2001). Forecasting the world economy. In HgnbBx. F., and Ericsson, N. R. (edsUnder-
standing Economic Forecastgp. 149-169. Cambridge, Mass.: MIT Press.

Bates, J. M., and Granger, C. W. J. (1969). The combinatidore€astsOperations Research Quarterly
20, 451-468. Reprinted in T.C. Mills (edBEconomic Forecastingedward Elgar, 1999.

Bec, F., Rahbek, A., and Shephard, N. (2008). The ACR modetuliivariate dynamic mixture autore-
gression.Oxford Bulletin of Economics and Statistid®), 583-618.

Berg, A., and Pattillo, C. (1999). Predicting currency esisThe indicators approach and an alternative.
Journal of International Money and Financ#8, 561-586.

Bontemps, C., and Mizon, G. E. (2008). Encompassing: Cdaaam implementationrOxford Bulletin
of Economics and Statisticg0, 721-750.

Brooks, C. (1997). Linear and nonlinear (non-) forecasitglnf daily sterling exchange rategournal
of Forecasting 16, 125-145.

Camba-Mendez, G., Kapetanios, G., Weale, M. R., and Smith, 002). The forecasting performance
of the OECD composite leading indicators for France, Gegmiaaly and the UK. In Clements,
and Hendry (2002a), pp. 386—408.

Cartwright, N. (1989) Nature’s Capacities and their Measureme@txford: Clarendon Press.

Castle, J. L., Doornik, J. A., and Hendry, D. F. (2010a). Hatihg automatic model selectiodournal
of Time Series Econometric3 (1), DOI: 10.2202/1941-1928.1097.

Castle, J. L., Doornik, J. A., and Hendry, D. F. (2010b). Maigection when there are multiple breaks.
Journal of Econometricforthcoming.

Castle, J. L., Fawcett, N. W. P., and Hendry, D. F. (2009). bBhmsting is not just contemporaneous
forecasting.National Institute Economic Revie®@10, 71-89.

27



Castle, J. L., Fawcett, N. W. P., and Hendry, D. F. (2010)eEasting with equilibrium-correction models
during structural breakslournal of Econometrigsl58 25-36.

Castle, J. L., and Hendry, D. F. (2008). Forecasting UK iidtatEmpirical evidence on robust forecast-
ing devices. In Rapach, D. E., and Wohar, M. E. (ed®jecasting in the Presence of Structural
Breaks and Model Uncertainty: Frontiers of Economics andlalization Volume 3pp. 41-92.
Bingley, UK: Emerald Group.

Castle, J. L., and Hendry, D. F. (2010). Automatic selectibnon-linear models. In Wang, L., Garnier,
H., and Jackman, T. (eds$ystem ldentification, Environmental Modelling and Cdntforth-
coming. New York: Springer.

Castle, J. L., and Hendry, D. F. (2010a). A low-dimensiortipanteau test for non-linearityournal of
Econometrics158 231-245.

Castle, J. L., and Hendry, D. F. (2010b). Nowcasting fronagiigegates in the face of location shifts.
Journal of Forecasting29, 200-214.

Castle, J. L., and Shephard, N. (eds.)(200Ehe Methodology and Practice of Econometri€3xford:
Oxford University Press.

Chan, K. S., and Tong, H. (1986). On estimating thresholdsutoregressive modelgournal of Time
Series Analysis7, 179-194.

Choi, H., and Varian, H. (2009). Predicting the present @tiogle Trends. Unpublished paper, Eco-
nomics Research Group, Google.

Clements, M. P., Franses, P. H., and Swanson, N. R. (2004ec&sting economic and financial time
series with non-linear modelfnternational Journal of Forecastin@0, 169-183.

Clements, M. P., and Galvao, A. B. (2004). A comparison sefst®f non-linear cointegration with an
application to the predictability of US interest rates gdime term structurenternational Journal
of Forecasting 20, 219-236.

Clements, M. P., and Hendry, D. F. (1998precasting Economic Time SeriegSambridge: Cambridge
University Press.

Clements, M. P., and Hendry, D. F. (2001). An historical pecsive on forecast errorblational Institute
Economic Revieyd 77, 100-112.

Clements, M. P., and Hendry, D. F. (eds.)(20024).Companion to Economic Forecastingxford:
Blackwells.

Clements, M. P., and Hendry, D. F. (2002b). Explaining festdailure in macroeconomics. W
Companion to Economic Forecastifg002a), pp. 539-571.

Clements, M. P., and Hendry, D. F. (2005). Guest editorsbdction: Information in economic fore-
casting.Oxford Bulletin of Economics and Statisti&¥, 713—753.

Clements, M. P., and Hendry, D. F. (2006). Forecasting wittaks in data processes. In Elliott, G.,
Granger, C. W. J., and Timmermann, A. (edsigndbook of Econometrics on Forecastimp.
605-657. Amsterdam: Elsevier.

Clements, M. P., and Hendry, D. F. (2011a). Forecasting ftisaspecified Models in the Presence of
Unanticipated Location Shifts. In Clements, and Hendni (1), Ch. 10.

Clements, M. P., and Hendry, D. F. (eds.)(2011bxford Handbook of Economic Forecastingxford:
Oxford University Press.

Clements, M. P., and Krolzig, H.-M. (1998). A comparison loé fforecast performance of Markov-
switching and threshold autoregressive models of US G&d®nometrics Journall, C47-75.

Collier, P., and Hoeffler, A. (2007). Civil war. Chapter 22andbook of Defense Economids Sandler

28



and K. Hartley (eds), Elsevier.

Dahl, C. M., and Hylleberg, S. (2004). Flexible regressiondeis and relative forecast performance.
International Journal of Forecastin@0, 201-217.

Demirgiic-Kunt, A., and Detragiache, E. (2000). Monmgribanking sector fragility: A multivariate
logit approach with an application to the 1996-97 bankiriges. World Bank Economic Revigw
14, 287-307.

Diebold, F. X., and Rudebusch, G. D. (1991). Forecastinguuwvith the composite leading index: An
ex ante analysisJournal of the American Statistical Associati@®, 603—-610.

Doornik, J. A. (2007). Econometric model selection with meariables than observations. Working
paper, Economics Department, University of Oxford.

Doornik, J. A. (2008). Encompassing and automatic modeksieh. Oxford Bulletin of Economics and
Statistics 70, 915-925.

Doornik, J. A. (2009a). Autometrics. In Castle, and Shept{ad09), pp. 88—-121.

Doornik, J. A. (2009b). Improving the timeliness of data wifLienza-like ilinesses using Google Trends.
Typescript, Department of Economics, University of Oxford

Doornik, J. A. (2009c).Object-Oriented Matrix Programming using OQxh edn. London: Timberlake
Consultants Press.

Eitrheim, &., and Terasvirta, T. (1996). Testing the adegwf smooth transition autoregressive models.
Journal of Econometrics/4, 59-75.

Emerson, R. A., and Hendry, D. F. (1996). An evaluation oédasting using leading indicatournal
of Forecasting 15, 271-91.

Engle, R. F., and Hendry, D. F. (1993). Testing super exdgeaad invariance in regression models.
Journal of Econometric$b6, 119-139.

Engle, R. F.,, Hendry, D. F., and Richard, J.-F. (1983). Exegg. Econometrica51, 277-304.

Engle, R. F., and Smith, A. D. (1999). Stochastic permanerahks.Review of Economics and Statistics
81, 553-574.

Ericsson, N. R. (1999). Empirical modeling of money demdaahpirical Economics23, 295-315.

Granger, C. W. J. (2005). Preface: Some thoughts on theefutfiforecasting. Oxford Bulletin of
Economics and Statistic67, 707—711.

Granger, C. W. J., and Terasvirta, T. (1993lodelling Nonlinear Economic Relationship®xford:
Oxford University Press.

Hamilton, J. D. (1990). Analysis of time series subject taraes in regimeJournal of Econometrigs
45, 39-70.

Hamilton, J. D. (1992). Estimation, inference and foreiogsdf time series subject to changes in regime.
In Maddala, G. S., Rao, C. R., and Vinod, H. D. (eddandbook of Statisticd/0l. 11. Amsterdam:
North-Holland.

Hendry, D. F. (1986). The role of prediction in evaluatin@mametric models. IfProceedings of the
Royal SocietyVol. A407, pp. 25-33.

Hendry, D. F. (2000). On detectable and non-detectablectstial change. Structural Change and
Economic Dynamigsll, 45-65.

Hendry, D. F., and Clements, M. P. (2004). Pooling of foresdsconometrics Journal7, 1-31.

Hendry, D. F., and Ericsson, N. R. (1991). Modeling the desnfon narrow money in the United
Kingdom and the United StateEuropean Economic Revie®db, 833-886.

Hendry, D. F., and Hubrich, K. (2009). Combining disaggtegéorecasts versus disaggre-

29



gate information to forecast an aggregateJournal of Business and Economic Statistics
DOI:10.1198/jbes.2009.07112.

Hendry, D. F., Johansen, S., and Santos, C. (2008). Autorseliéction of indicators in a fully saturated
regressionComputational Statistic83, 317-335. Erratum, 337-339.

Hendry, D. F., and Krolzig, H.-M. (2005). The properties oft@natic Gets modelling.Economic
Journal, 115 C32-C61.

Hendry, D. F., and Mizon, G. E. (2005). Forecasting in thespnee of structural breaks and policy
regime shifts. In Andrews, D. W. K., and Stock, J. H. (edigntification and Inference for
Econometric Model|gpp. 480-502. Cambridge: Cambridge University Press.

Hendry, D. F., and Mizon, G. E. (2009). Economic policy as@yn a rapidly changing world. Unpub-
lished paper, Economics Department, Oxford.

Hendry, D. F., and Mizon, G. E. (2010). Econometric modgltfitime series with outlying observations.
Journal of Time Series Econometri&(1); DOI: 10.2202/1941-1928.1100.

Hendry, D. F.,, and Reade, J. J. (2008). Elusive return piegallity: Discussion.International Journal
of Forecasting 24, 22-28.

Hendry, D. F., and Reade, J. J. (2009). How should we makeoeaorforecasts? VoxEU, 11 June
http://www.voxeu.org/index.php? g=node/3647.

Hendry, D. F., and Santos, C. (2010). An automatic test oéisapogeneity. In Watson, M. W., Boller-
slev, T., and Russell, J. (eds\platility and Time Series Econometriggp. 164-193. Oxford:
Oxford University Press.

Holliday, J. R., Rundle, J. B., Tiampo, K. F., and Turcotte] D(2006). Using earthquake intensities to
forecast earthquake occurrence timisnlinear Processes in Geophysids, 585-593.

Hubert-Ferrari, A., Barka, A., Jacques, E., Nalbant, SM&yer, B., Armijo, R., Tapponnier, P., and
King, G. C. P. (2000). Seismic hazard in the Marmara Sea mefgitowing the 17 August 1999
Izmit earthquakeNature 404, 269-273.

Johansen, S., and Nielsen, B. (2009). An analysis of theanoli saturation estimator as a robust regres-
sion estimator. In Castle, and Shephard (2009), pp. 1-36.

Kaminsky, G., Lizondo, S., and Reinhart, C. (1998a). Cuyeand banking crises: the early warnings
of distress. International Finance DP 629, Board of Govexrwd the Federal Reserve System,
Washington, DC.

Kaminsky, G., Lizondo, S., and Reinhart, C. (1998b). Legdidicators of currency crises. IMF Staff
Papers No 1, IMF, Washington, DC.

Kock, A. B., and Terasvirta, T. (2010). Forecasting witmimeear time series models. In Clements,
M. P., and Hendry, D. F. (eds@xford Handbook of Economic Forecastir@xford: OUP.

Komulainen, T., and Lukkarila, J. (2003). What drives finahcrises in emerging markets?. DP 5,
Institute for Economies in Transition, Bank of Finland.

Krolzig, H.-M. (1997). Markov Switching Vector Autoregressions. Modelling, iStagl Inference and
Application to Business Cycle AnalysBerlin: Springer Verlag.

Kumar, M., Moorthy, U., and Perraudin, W. (2003). Predigtemerging market currency crashésur-
nal of Empirical Financel0, 427-454.

Labhard, V., Kapetanios, G., and Price, S. (2007). Forexmambination and the Bank of England’s suite
of statistical forecasting models. Working Paper No. 32)Bof England, London.

Luukkonen, R., Saikkonen, P., and Terasvirta, T. (1988gstifig linearity in univariate time series
models.Scandinavian Journal of Statistick5, 161-175.

30



Marcellino, M. (2004). Forecasting EMU macroeconomic ables. International Journal of Forecast-
ing, 20, 359-372.

Marcellino, M. (2006). Leading Indicators. In Elliot, G.r&hger, C. W. J., and Timmermann, A. (eds.),
Handbook of Economic ForecastinGh. 16. Amsterdam: Elsevier.

Obstfeld, M. (1996). Models of currency crises with selfifling features.European Economic Review
40, 1037-1048.

Priestley, M. B. (1981)Spectral Analysis and Time Seriddew York: Academic Press.

Quandt, R. E. (1983). Computational problems and methadSomputational Problems and Methgds
pp. 699—-746. Amsterdam: North Holland.

Rech, G. (2002). Forecasting with artificial neural networidels. SEE/EFI Working Paper Series in
Economics and Finance 491, Stockholm School of Economigedgn.

Sensier, M., Artis, M., Osborn, D. R., and Birchenhall, Q@2). Domestic and international influences
on business cycle regimes in Europeternational Journal of Forecasting@0, 343—-357.

Sparks, R. S. J. (2003). Forecasting volcanic erupti&asth and Planetary Science Letted0 1-15.
Concerned mainly with Montserrat.

Stein, R., Barka, A., and Dieterich, J. (1997). Progreskiirare on the North Anatolian fault since 1939
by earthquake stress triggeringeophysical Journal International 28 594-604.

Stock, J. H., and Watson, M. W. (1996). Evidence on struttostability in macroeconomic time series
relations.Journal of Business and Economic Statistib4 11—-30.

Stock, J. H., and Watson, M. W. (1999). A comparison of lin@ad nonlinear models for forecasting
macroeconomic time series. In Engle, R. F., and White, Hs.je@ointegration, Causality and
Forecasting pp. 1-44. Oxford: Oxford University Press.

Swanson, N. R., and White, H. (1995). A model selection apgtao assessing the information in
the term structure using linear models and artificial nenstivorks. Journal of Business and
Economic Statistigsl3, 265—-275.

Swanson, N. R., and White, H. (1997). A model selection aggndo real-time macroeconomic fore-
casting using linear models and artificial neural netwoR&view of Economics and Statisti@9,
540-550.

Terasvirta, T. (1994). Specification, estimation and @atbn of smooth transition autoregressive mod-
els. Journal of the American Statistical Associati@9, 208—218.

Terasvirta, T. (1998). Modelling economic relationshigish smooth transition regressions. In Ullah,
A., and Giles, D. E. A. (eds.ljandbook of Applied Economic Statistigp. 507-552. New York:
Marcel Dekker.

Terasvirta, T., van Dijk, D., and Medeiros, M. C. (2005). &th transition autoregressions, neural
networks, and linear models in forecasting macroeconoimie series: A re-examinatiorinter-
national Journal of Forecastin@21, 755-774.

Tiao, G. C., and Tsay, R. S. (1994). Some advances in noarlered adaptive modelling in time-series.
Journal of Forecastingl3, 109-131.

Tong, H. (1990).Non-Linear Time Series: A Dynamical System Approd@kford: Oxford University
Press.

White, H. (1980). A heteroskedastic-consistent covagamatrix estimator and a direct test for het-
eroskedasticityEconometrica48, 817—838.

Zhang, G., Patuwo, B. E., and Hu, M. Y. (1998). Forecastinip artificial neural networks: The state
of the art.International Journal of Forecastind. 4, 35-62.

31





