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Abstract

The paper highlights the pitfalls of forecasting by consiuga trip by car—but with inaccurate
maps in a world where roads are unexpectedly shut or opereddn®the scenes lies a new theoret-
ical framework for economic forecasting which acknowleslfeat economic models are simplified
representations of an economy prone to sudden shifts. Tproach explains the prevalence of
forecast failure; accounts for the results of forecastiognpetitions; and explains the surprisingly
good performance of ‘consensus’ forecasts. The papersadfapn-technical discussion of that the-
ory, and draws some lighthearted conclusions on how to aaitk of the pitfalls awaiting unwary
forecasters.

1 Introduction

“Trying to predict the future is a mug’s game. But ... we neetidve some sort of idea of
what the future’s actually going to be like because we aragy have to live there, prob-
ably next week.” in Douglas Adam®redicting the FutureThe Independent on Sunday
November 1999 (reprinted ifhe Salmon of DoubMacMillan, 2002).

One of my more amusing taxi rides was early one morning in @sloouteto lecture at Norges Bank
on Economic Forecasting. | was asked the purpose of my jgumyéhe driver, who instantly expressed
infinite scepticism as to the ability of anyone to forecastide my lectures must be pointless. | gently
enquired why he was out that morning, and on his expected ftephake a living’, 1 asked if he had not
therefore forecast that there would be customers seekigehnvice? The ensuing discussion revealed
that he was in fact pretty good at forecasting when and wieeseé¢k trade, but had never thought of
it that way. He even conceded that perhaps there was a poiatecasting. In fact, we all forecast
many things many times every day, albeit probably uncomnstjo Forecast errors can be expensive:
missed appointments, ‘accidents’, and inadvisable assehpses for individuals, possibly bankruptcy
by failing to forecast a major change in the demand for itpoutor companies. Thus, the study of
forecasting potentially offers handsome dividends—buiddled with pitfalls.

Historically, the theory of economic forecasting has beasel on two key assumptions—that the
forecasting model is a good representation of the econondytteat the structure of the economy re-
mains relatively constant. In reality, forecasting modeis crude approximations, while the economy
is subject to major intermittent unanticipated shifts. $hn practice, inaccurate forecasts have been all
too common.

*1 am grateful to the UK Economic and Social Research Ccouncifinancial support under grant L138251009, and
to Guillaume Chevillon, Michael Clements, Michael MassmaBrayham Mizon and participants in the Oxford Economics
Faculty Workshop for helpful comments on an earlier drafep@red for a public lecture, Brisbane. The paper draws dieea
work with Neil R. Ericsson, and was publishedBulletin of EU and US Inflation and Macroeconomic Analy&i303, 100"
Issue, 65-82.



This paper highlights the pitfalls of forecasting by comsidg a trip by car—but alas, the maps
are inaccurate and the driver lives in a world where roadsiaexpectedly shut or opened, created or
destroyed. We will consider the factors that influence hovselthe driver’s forecasts of her journey
time are to the outcomes. Throughout, | assume forecasiasiremental to a decision, not an end in
themselves: we rarely care if we do not have the most accUmatrast possible, provided it is good
enough for the purpose at hand. This assumption deternfiederim and focus of any forecast, as well
as how to evaluate it.

Section 2 provides some necessary background, befores&cpells out the problems confronting
our poor driver on her journey. Then section 4 illustrated gttonomic data do take the form likely to
disrupt ‘the best laid plans of mice and men’, whichever @& thethods discussed in section 5 one
chooses to implement. The key section is 6, which providegcado forecasters on avoiding pitfalls.
The title Forecasting Pitfallgs deliberately ambiguous, as success in doing so may bejhe ka viable
future for economic forecasting, so section 7 addresseglim&nsion. Section 8 concludes.

2 Background

Economics n. “An arcane language, used by its own cognoscenti for ranigywast events

in the production and distribution of wealth. There are savhe would define economics
as a science rather than a language; but, in the absence ef/@ence that future events
can be predicted by economists on the basis of fixed lawsapipsoach can hardly be
supported by the objective lexicographer.” Peter Bowldre Superior Person’s Book of
Words p. 37.

Behind the scenes of the paper lies a new theoretical framkeafoeconomic forecasting which
acknowledges that economic models are greatly simplifipdesentations of an economy which is
dynamic and prone to sudden shifts. This newer approachdmsvad a number of successes: it ex-
plains the prevalence of forecast failure; accounts foréselts observed in forecasting competitions;
shows why some apparentyl hocapproaches do well in practice; and reveals the basis fautpeis-
ingly good performance of ‘consensus’ forecasts. Moreaveuggests that some of the ‘folklore’ of
forecasting is incorrect, including the belief that ‘simphethods do best’, and more surprisingly, that
forecast failure is due to ‘poor methods’, ‘inaccurate fatacorrect estimation’, or ‘data-based model
selection’. My aim is to explain the underlying theory, butheut the technical trappings that made it
possible (see Hendry and Ericsson, 2001).

A forecast is any statement about the future, so forecasipgtentially a vast subject. There are
two basic methods of forecasting. In the first, we have a ahystll that can ‘see’ into the future; in the
second, we extrapolate from present information. Unfately, as théNVashington Posheadlined in
relation to the probability of a recession in the USA last man “Never a crystal ball when you need
one”! Indeed, demonstrably functional examples of the first mebtigupear unavailable to humanity,
so we are forced to focus on the second, dramatically infenieethod. Here, we restrict ourselves
to systematidorecasting rules. Even so, there exist dozens of metho@xtodpolating, as well as
numerous choices of what to forecast: section 5 discussse.th

In the last decade, interest in economic forecasting hasased markedly. New theories of fore-
casting and new methods for their evaluation have been o] and much more empirical evidence
has been acquired. Drawing on these recent developmeistpaier explains some of the central issues
in economic forecasting.

'Robert J. Samuelson, 16 June, 2001, p.A23.



As is often remarked, the problem with forecasting is thatftiture is uncertain. Forecast uncer-
tainty is intrinsic to the task, but arises from two sourcase that we know is present and for which we
understand the probabilities involved; and one due to fadtwat we do not even know exist.

“Because of the things we don't know [that] we don’t know, fagure is largely unpre-
dictable.” Maxine SingefThoughts of a Nonmillenariarp. 392

In tossing a pair of dice, the two sources might corresporntedollowing:

¢ the probability that a certain pair of numbers will appeaefap on any given throw, and:
e the uncertainty arising from not knowing that the dice aaaled.

Clements and Hendry (1999) summarize the latter type oflenotin relation to the above quote by
Singer (1997).

Once the unpredictable has occurred, we can usually actanitg effects. As a result, we can explain
the past quite well. Indeed, most schoolchildren seem to leigtory as if its outcomes were inevitable,
rather than being a single and highly improbable sequenasarits from a complicated process in
which contingency has played a large role. New unpredietaisents will always intrude in the future,
making the future appear much more uncertain than the pashe®old joke goes, when the historian on
an Oxford College Investment Committee was asked abouthghdtshould change its strategy given
recent trends in asset markets, he replied ‘but the last $8@6s have been an exceptional period'.
There is every likelihood that the future will see more langeanticipated shocks — indeed, the recent
collapse of the telecoms industry is a reminder that newntsicgies occur.

Statistics seeks to render ‘regular’ on average eventstkandividually unpredictable: that render-
ing underlies the theory of economic forecasting. For exanthe age at which any individual person
will die is uncertain, whereas the average age at death irga [@opulation is highly predictable, and
forms the basis of the life-insurance industry. To achiésedrtobjectives, statisticians create models of
the processes in question, check how well their models cteize the evidence, and solve the models
for their average outcomes. Economic forecasting usesikasimninciple: investigators develop models
of the economy that seek to average over likely future ‘skbakd so deliver a useful statement about
the average future. This procedure works well for ‘meaderahbcertainty’—that is, for the regularly
occurring events that are individually unpredictable, fieNertheless average out. Singer’s quote sug-
gests that unmeasurable (or at least unmeasured) untgiitaalso important in explaining the actual
uncertainty about the future.

To illustrate, imagine in 1945 predicting the number of aoaiers in the UK over the period 1975—
1985. Because the Oil crisis, OPEC, and the discovery ofi\N®ea Oil and Natural Gas were all not
envisaged, almost any forecast would have been woefullycimate. Still, the United Kingdom might
have decided to protect the coal industry, leaving somecésts quite accurate. Or, history might have
taken an entirely different course, with nuclear fusiombgdamplemented at an incredibly cheap price.
Or there might have been no recoverable oil in the UK sectth@North Sea...... Itis hard to imagine
how anyone could conceive of the myriad possibilities thataleries might bring. Singer alludes to
this second aspect of uncertainty, which, by its very natisralmost impossible to model, and is the
source of the main pitfalls. In economics, events equitalerearthquakes in geology seem to occur
all too often, rendering both short-run and longer-ternedaists seriously inaccurate: Barrell (2001)

2This contrasts with the earlier view:
“The one who does not know, and does not know that he does oat;kn
shall remain in blackest ignorance for ever and ever.”
Khajeh Abdullah AnsariRobaj 1550 (approx). Translated by Prof. Hashem Pesaran, Cdgebtiniversity.



discusses six episodes of sudden shifts in the 1990s aldtérblcasts one-year ahead made in August
1992 would have required major revisions by the end of Selpeenon its abrupt departure from the
ERM. In the next section, an analogy will help to develop tiaskground to economic forecasting.

3 Thepitfalls

“Forecasters have sometimes described their task as simitiiving in a thick fog using
only the rear-view mirror, but | think that is an understaggt To make the metaphor more
exact, add misted windows, an unreliable clutch, a blirdifahd handcuffs, not to mention
the unsignposted cliff a hundred meters down the road.” ®t@ayle, inMaking Sense of
Published Economic Forecasts.

This section motivates the need for forecasting and clargeveral aspects of forecasting, including
the uncertainty inherent in forecasting, the effects oftstin underlying economic behavior, and the
costs of making forecast errors. To highlight the probleat®dl in economic forecasting, | draw on a
commonplace activity—travelling by car.

Planning a car-trip typically involves deciding on a destion, then consulting a (physical or cogni-
tive) map to see how to get there. Maps seek to schematiegdhgsent connections between locations,
but otherwise can seriously mislead: roads shown in red oamare not red in reality, nor is the width
of a road to scale. Nevertheless, maps that accuratelyagadnnectionsare invaluable when planning
a trip. The economic equivalent of a road map is an econotm@del, which seeks to embody our best
knowledge of the linkages in an economy. Evaluating a magsir@acy involves checking whether or
not the roads do link up as marked on the map. Evaluating amewetric model is similar in principle,
but not so easy in practice. Maps can be on the wrong scale tedgtmuch—or too little—detail: for
example, tourist maps sometimes offer a 3D impression ddlingis. That maps are designed for par-
ticular purposes is reflected in the fact that models areftdrdint types and are valuable for different
purposes: if the aim is forecasting, models have to be tedgetthat end.

Many factors will influence journey time, including the @iste to be driven, the type of car, the
road quality, the driver’s skill (and personality), theffi@density, the time of day for travelling, and the
weather. Given these, plus weather and traffic reports, iial iastimate of the trip’s duration can be
made. In many instances, that estimate will be sufficientlyueate to ensure arrival at the destination
in good time. Many small factors will cause variation arotimd estimate: bad luck in being stopped at
a sequence of traffic lights, or heavier traffic than usual, smon. The variability around the average
journey time is measured by the variance of the forecast emomore usefully, its square root, the
forecast-error standard deviation. This particular memastihe forecast error standard deviation—can
be expressed as a percentage of the journey time. A large,vagh as 50%, denotes an unreliable
route, where a journey may well take between one-and-atimadfs and half as long as expected. A
small value, say 5%, is what most motorists would like, tase@srrival within roughly+5 minutes on
a journey of about an hour.

Similarly, with economic forecasts, a large standard dmnafor a forecast entails an unreliable
forecast. To illustrate, consider forecasting Gross Daim&oduct (GDP): many factors influence its
value, such as consumers’ spending, company investmerdrrguent decisions, and exports. Over the
last 200 years, per capita GDP in many developed countriegtmavn at about 2% per annum, with
standard deviations around that mean growth of about 3%nmema. Absent a model, and the forecast
interval would have to be 2%:6% to ensure almost always covering the outturn. A forecasinat
six times larger than the average growth rate may seem pobsubstantially smaller values may be



difficult to achieve in practice. Let us now see why, drawimgooir analogy to car travel.

Motorists are well aware that unexpected events can upsefutls laid plans. A pothole that
punctures a tyre, a crash in the traffic ahead, or unexpgcbedi weather all can create an extended
delay, as can more extreme events, such as a bridge cofapsen earthquake. These events occur
intermittently, and they can be viewed as rare realizations a set of adverse factors. Their effect is to
shift the mean of the journey time from its norm to a much lakgdue; and that shift is important to our
explanation of forecast failure in economics. If an altékgaroute is not available, or the car is stuck
in the jam before being alerted of the possible delay ahbadprecast error will be large. Such effects
are called location shifts, as they shift the location (medrhe variable (here, the journey time) from
one value (the norm) to another (after the adverse everd)trennew value persists. Economists have
sought to develop methods for handling location shifts wioeecasting, and economic models can be
viewed as an attempt to forecast the effects of a specifidmqpartant, class of location shifts, namely
changes in economic policy regimes.

The car analogy also highlights how minor surprises can lsadelen and large effects: serious
traffic delays can occur, even without an extreme event asisecaFor example, when a moderate
volume of traffic passes through a roadwork that reducesuh#er of lanes, no problems may arise.
If the traffic volume increases only somewhat, horrendousgestion may result. Such effects are
classified as ‘non-linearities’ and ‘regime switches’. dpat point, increasing the traffic density has
only a modest effect on travel time; but beyond that poirdteasing the traffic density leads to serious
delays, with gridlock as an extreme outcome. Similar sibmstarise in economics, causing difficulties
for economic forecasters. Within a certain range, an exghaate might respond roughly proportionally
to a balance-of-payments deficit; but the exchange ratetraigidenly nose-dive as concerns over bank
solvency develop. As another example, booms and busts ectre®my may derive from non-linearities
that generate regime switches: the end of the dotcom ineggtboom is a recent example.

We now extend the travel analogy to consider additional lerab in economic forecasting. Imagine
that the road map is not actually correct: perhaps it is dutabe, and some roads shown on the map
no longer exist. Serious forecast errors can result fromoviehg a road that unexpectedly terminates
in a field, as once happened to Ken Wallis, Jean-FrancoisaRicind myself in Austria alongside the
Danube: at least it did not end in the river! Modern econonaies sufficiently complicated that no
one could hope for a ‘correct’ roadmap thereof: actual epwidc models incorrectly omit important
linkages and include ones that (unknowingly) are irreleévarhis class of problems is called model
mis-specification, and it adds to the forecasters’ diffieslt In particular, model mis-specification com-
plicates calculating the likely magnitudes of forecasbesr Sometimes, no problems ensue, as when
non-existent roads are not part of the route. Other timegelarrors occur. However, if the mistakes
themselves were ‘regular’, then forecasts of journey ticmdd be adjusted: for example, if 1 in 10
roads were falsely shown, inducing an average increasaiingg times of 10% (say), then unbiased
forecasts could be obtained by increasing all forecastBy. IThus, by itself, mis-specification is not
that problematic.

Returning again to the analogy of driving by car, now consalevorld that changed so fast that,
by the time any map was available, some roads had vanishedieandnes had appeared but were
unrecorded. Route planning would become exceptionallaraazis, and large forecast errors would
abound. Estimating the forecast errors’ variance wouklfitee hazardous, as the forecast errors would
depend on which roads had vanished and which replacemeult$ lo® used as substitutes. No simple
corrections for mis-specification could be calculated. €benomic forecaster confronts a similar en-
vironment. For this and other reasons, some forecastingcégemaintain several models: the Bank of
England’s approach to modelling and forecasting includgsgua suite of models rather than a single



model. Very different forecasts from their models warn t@e of the models must be at odds with
reality: later outcomes may help isolate the source of tbblpm.

Good guides to the future are sparse when the future is rethi& past. Economists refer to this
situation as non-stationarity: the distributions of egecitange over time. A stationary series is one
where those features are constant —and hence it is ah#édtoribe sense that actual dates do not matter.
Non-stationarity is clearly a characteristic of economieghnology, legislation, politics, and society
all change over time, markedly affecting living standattig, variability of unemployment, the level of
inflation, and so on, as the next section illustrates. Mo@éeonometrics devotes considerable effort to
developing models of non-stationarity, and those moddigfa two distinct classes. The first includes
models of regular and persistent changes (called ‘stachestds’ because there are fluctuations around
the average growth). The second class includes modelsrottstal breaks’, which are large sudden,
and usually unanticipated, changes. The models with locathifts, described above, are an important
member of this class. Clements and Hendry (1998, 1999) ¢eosi detailed analysis of economic
forecasting when both types of change are present, alorgthét problems of mis-specification and
data measurement error already mentioned. Structurakbrgapear to explain why it is so hard to
reduce forecast-error standard deviations: the outcorsensetimes very far from the forecast. The
1929 crash and ensuing Great Depression are a classic exafryhen large forecast errors occur.

While the causes often seem obvious in retrospect, mangdsterrors result from unanticipated
events, both large and small. Thus, Diane Coyle (2001) ctiyrehastised Nigel Lawson when Chan-
cellor of the Exchequer for blaming his mistakes on Her MgjesTreasury for mis-forecasting over
the late 1980s. Even today, the economics profession israstionous on which factors induced those
forecast errors, although many believe that financial déatign was responsible, as it led to an unex-
pectedly sharp reduction in credit rationing. Unanticghevents, like the sudden rise of oil prices in
2000, frequently occur; and they thereby disrupt forecestii@acy. However, not all methods of fore-
casting are equally disrupted: section 5 discusses howedetieg is done, and notes which methods
might be less prone to pitfalls. First we need to see the soofrthe problem, manifest in almost any
economic time series.

4 Economic data

“The scientists have their machines, while the economigtstl waiting for their data.....
Econometrics is an attempt to compensate for the glaringkmesss of the data base avail-
able to us by the widest possible use of more and more saatisd statistical techniques”,
Wassily Leontief (1971), in ‘Theoretical assumptions amhaobserved facts’American
Economic Review

To forecast the future values of any economic time series n@eds to know how such series behave in
general. There are ten general features of many economnecstimes:

(i) very smooth and ‘exploding’ in their original levels.

Figure 1 illustrates (i), in panels of four, denoted a, b, drespectively clockwise from the top
left, commencing with the smoothest through to the leastadimoThese four graphs show money,
prices, constant-price (real) GDP and employment in the &4y 1870-1990. As can be seen, the first
has grown almost 600-fold over the century and a quarterséisend 55-fold, and the third just over
10 fold. Since total employment has barely doubled, pertaamitput has risen 5-fold: 2.5% pa has
massive long-run effects — just imagine living on 20% of ypuesent income. Equally, pity the poor
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forecaster: in the century from 1870 to 1970, the price lewsk just over 7-fold, then rose another
7-fold over the next twenty years!

(i) Relatively smooth when graphed in logs;
(iii) usually trending linearly in log levels.

Figure 2 shows (ii) and (iii), using the logs of the same foariables. The trends are more nearly
linear, albeit perhaps increasing over time for the firse¢hr ‘Business cycle’ deviations around the
trend are clearly visible in the last two panels (and shownupé 5-year averages noted below).

(iv) Somewhat erratic when graphed in (log) changes;
(v) but such differences are less trending.

Figure 3 illustrates (iv) and (v) for the annual changes efdame four variables.

(vi) Smoother for multi-period differencing;
(vii) but rather erratic in second differences.

Figure 3 also illustrates (vi); whereas figure 4 illustratan.

(viii) Prone to jumps in location (and trend);
(ix) so means and variances of data not constant over time;

Figure 5illustrates both (viii) and (ix) for UK unemploymteas did figure 3 for the annual changes
in the other four variables.

Figure 6 shows the consequence of attempts to forecasttti@tthe interwar period, and the early
years of the Thatcher experiment. Panels a and ¢ show thaefoaecasts, whereas b and d add in the
outturns that eventuated — clearly, both sets of forecagedfbadly. This is included to emphasize that
forecast failure is easy to generate, not to suggest thanayight in fact have foreseen the large rises
in unemployment witnessed in both periods.
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(x) high sample correlations with other series.

One must allow for all ten properties when both model buddind forecasting, but the most impor-
tant for the latter are the location shifts. The changeseéridbations, trends and variabilities of all these
series over time are all examples of non-stationarity. We m@w seen the problem for forecasting: the
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future is not like the past at the phenomenological levelccBss will entail modelling the evolution,
and the breaks....
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5 Forecasting methods

“Here is Edward Bear, coming downstairs now, bump, bump,guwm the back of his head,
behind Christopher Robin. Itis, as far as he knows, the oaly @ coming downstairs, but
sometime he feels there really is another way, if only heatstdp bumping for a moment
and think of it.” FromWinnie-the-Poolby A.A. Milne (1926), Methuen and Co. Ltd.

That is how forecasters feel most of the tif8o let us step back and look at some possible methods.
Since forecasts are a human construction, many methodsaitalde for making them. However,
the success of any approach requires that:

(a) there are regularities to be captured;

(b) those regularities are informative about the future;
(c) the proposed method captures such regularities; and
(d) excludes non-regularities.

The first and second are properties of the economy that mayapmnot, be present; the third and fourth
are properties of the forecasting method. The first seenaslgliEue, however, since today looks a lot
like yesterday even if some things have changed, and uiatied events occur. The second is less
obvious, but we must assume some persistence. Ensuringittievithout violating the fourth can be
difficult in practice, and helps determine which methodd pribve successful in practice.

Widely used methods of forecasting include:

e guessing,

e ‘rules of thumb’ or ‘informal models’,
e naive extrapolation,

¢ leading indicators,

e surveys,

e time-series models, and

e econometric systems.

In order to produce good forecasts, the first only requirek;lthe second an intuitive ‘feel’ for the
variables to be forecast (flying by the seat of your pants kerathan your brain?) the third merely
needs that present trends continue (see Irvine Fisher belowou have any friends who bought their
house at the peak of the last boom?); the fourth that whatdeteyday will still lead today (what foot-
ball team do you support that achieves that?); the fifth thatindividuals asked form serious plans
and truthfully reveal them (noting mis-predictions of ¢élec outcomes); sixth that the evolution of the
process is relatively regular (see the graphs above); angetventh that....
well, rather a lot of assumptions are satisfied.
Nevertheless, formal econometric systems of national @o@es consolidate existing empirical and
theoretical knowledge of how economies function, provifil@mework for a progressive research strat-
egy, and help explain their own failures as well as providedasts. Economic forecasting based on
econometric and time-series models are our primary methods

In the earlier analogy, the forecast of the journey durakigrcar was based on the distance (mea-
sured on the map) and average speed (dependent on roag gudliraffic conditions), mediated by any
likely special factors. Such an approach is inherently seditor structural: the effects that are likely to

3 first read this quote as a lead to Nerlove and Wallis (1966).
“This is clearly unfair on the immense skills of, say, Alan @rgpan in absorbing a vast array of disparate information to
‘foresee’ local economic trends.
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influence the forecast are quantified in the context of a mdtdehdvantage is an accurate forecast when
all the factors are known: its drawback is that if the map &turate, so may be the forecasts. Econo-
metric models in effect are of this type. However, a poor noged not lead to inaccurate forecasts.
For example, the Ptolemaic system is hardly a realistic moidglanetary motions, but nonetheless it
predicted lunar eclipses reasonably well (see e.g., HA8&5). A map likewise may always have been
incorrect, so forecasts for trip times are wrong, but no edhsin usual. Alternatively, a map may have
become incorrect because a bridge was closed: that sorteot ®ads to ‘forecast failure’, where a
previously well-performing approach suddenly does muctseo

For repeated journeys, an alternative forecasting methawilable, which does not rely on a map at
all: forecast the journey’s time by how long it took on theypoeis occasion. If the road network does not
change greatly, and if no special factors disturbed theipusvjourney, then such a pure extrapolation
could be quite accuratand it is independent of how good or bad the mapfithe relation between the
map and reality is poor, or if their relationship continyadlters, then extrapolating from the previous
outcome may be as accurate as one can achieve. In essends,what time-series models do: the
simplest case, a random walk, precisely forecasts thequewialue (more general models equilibrate
towards a mean).

These situations parallel those faced by economists wirendsting: models are far from accurate
representations of the economy, and their accuracy cametabruptly. A model that closely represents
the economy is a good basis for forecasting only if the fukgenomy is ‘close’ to the current one.
The culprit of forecast failure is not rapid evolutigrer se as commonly occurs in technology, but
abrupt changes, as may derive from legislative and pdlitleselopments. In such a setting, a model
structured around past economic behavior may not be thefdrestasting device available. Rather,
a ‘naive predictor’ that simply extrapolates from previaugcomes may be more successful. If the
economy stays on track, such extrapolative forecasts cegaenably accurate. If the economy crashes,
any extrapolative forecast will miss the crash itself, ggaglly will other types of forecasts. However,
after the crash has occurred, the extrapolative forecadsti® come back on track, whereas many other
types of forecasting models continue to mis-forecast gyatieally. Regretably, some extrapolative
forecasts have little to commend them: a stockbroker whairmaally chants the mantra that ‘the bull
market will go on’, can become famous before she gets it badiyng, then return rapidly to guru status
by repeatedly intoning ‘the bear market will go on'.....

Nevertheless, to be competitive, forecasts from econonmodets must adjust rapidly to major
changes, even when those changes were themselves urgdotlicA serious criticism of historical
forecast errors is howystematichey have been—not so much that the forecast errors weretisoese
large. For the United Kingdom, long sequences of underigtiod and over-prediction have been
recorded: Chancellor Lawson may have been right to complaaut those. Still, while avoiding such
errors would be an improvement over having them, simply tidgmloes not actually provide knowl-
edge of the future, it merely eliminates tracking error.

Reverting to our analogy, modern technology has develapgtdliments for informing drivers about
congestion on the road ahead, so drivers could anticipateit@ problems by selecting a diversion be-
fore becoming stuck in a traffic jam, whatever its source.fiect, the driver temporarily alters the map,
pencilling in the blockage ahead. The extent to which thisimiprove forecasts of journey time will
depend on how accurately drivers’ can estimate the effddiseocongestion spilling over on to alter-
native routes etc. Such flexibility enhances the probghdftcorrectly forecasting the overall journey
time. Of course, really major shocks (such as an electricaird might disrupt even that provision of
information. The analogue in economics is the ability todipethe changes in the economic system
that will result from the structural changes elsewhere.
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This leaves the forecaster with two possibilities: avoid fitfalls, or forecast them. We consider
these in turn.

6 Adviceto forecasterson avoiding pitfalls

“Oddly, the industry that is the primary engine of this irditde pace of change—the com-
puter industry—turns out to be rather bad at predicting tharé itself. There are two
things in particular that it failed to see: one was the conuhghe Internet, ...; the other
was the end of the century.” Douglas Adams (2002).

Adams goes on to quote (froiithe Experts Speak — And Get It Wrdmg Christopher Cerf and Victor
Navasky) a range of famous authoritative predictions thahéd out to be wonderfully wrong, almost
immediately’, including Irving Fisher, October 17, 1928tdcks have reached what looks like a perma-
nently high plateau’; and in 1897, Lord Kelvin (he who estieththat the sun could not be more than
100 million years old — without a confidence interval-bf billion) stated that ‘radio has no future’;
as well as IBM’s chairman (Thomas J. Watson) in 1943 that thddwvill never need more than five
computers: and the President of Digital Equipment CorpamaDEC) in 1977: ‘There is no reason for
any individual to have a computer in their home’.

In this section we will describe how to avoid the six maingdie from the viewpoint of the forecaster
(rather than of the usergaveat emptor

The quotes from Adams reveal the first pitfall, and hence lwawvbid it:
never be precise
It is essential when forecasting to be imprecise about thgnihale, and preferably the timing, of what
is forecast. The great seers of the past were well aware afabd for imprecision, indeed, preferably
ambiguity, so any outcome would be consistent with theedast or prophecy: viz., the oracle at Delphi
(now, incidentally, embodied in a method of forecasting « got it at once — the Delphic method).

The second pitfall evident in the quotes can be avoided by:
always make morethan one statement.

If Kelvin had also remarked at some other time and placejorhds a great future’, he would not be
castigated now. Tell different audiences different messagnd some will be able to confirm that you
were right: is that what the internal e-mails at stockbrekeere really for — a two-way bet?

To avoid the third pitfall:
never make unconditional statements.

Instead, try ‘radio has no future unless ...’ (the price dédalls by 95%, the quality of broadcasts
triples, and leisure time doubles to suggest a few poteqtialifiers....). Or as La Palice (1470-1525)
expressed the matter, ‘Un quart d’heure avant sa mort,iflexaore vivant.’

Adams ends his article with the remark: “Predicting the fetis a mug’'s game, but any game is
improved when you can actually keep the score”. But thattisedly my fourth pitfall — to avoid it:
never allow post-event evaluation:

—unless you can claim complete success. As FDR was told weseisiting a town during his whistle-
stop re-election campaign on wishing to show that he hadewaetiin office what he had promised: ‘Mr.
President, you must deny you have ever been here beforeactnAdams’s genius is to ask “will the
e-commerce bubble burst?” —in November 1999 remember igag admiring his perspicacity, not

5Sen (1986) concludes that ‘The imprecisions of economidiptiens have to go hand in hand with a precise recognition
of these imprecisions’.
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a bland “the e-commerce bubble will burst in January 2000iictv could, of course, have been badly
wrong.

Alternatively, you may have to rely on Hendry's first foretiiag theorem:
any forecast can be made to look good or bad by an appropriate choice of
metric.
You may already know this method of presentation — the Rusmml American Ambassadors ran in
a race: the American came second and the Russian came sasbrdblt does not mention that only
those two took part.... Figure 8 illustrates this theofem.
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Figure8 Who wins: aor b?.
In terms of accuracy, for forecasting levabsyins; but for growtha wins:

“..the Dodo suddenly called out ‘the race is over!" and thibgwded round it panting,
and asking ‘But who has won?’ This question the Dodo couldamsiver without a great
deal of thought,... At last the Dodo saiBlveryonehas won, andll must have prizes.””
Lewis Carroll,Alice’s Adventures in Wonderland865 (p.33).

Next:
don’t stand out from the crowd.
Diane Coyle was the presenter for many years of the Golden &wmard for each year’s best forecast of
the UK misery index (measuring inflation, unemployment, aconomic growth). In Coyle (2001), she
notes that forecasters have herded together on these #yerdasures, with the Golden Guru usually
being won by only a narrow margin, and with very few repeatneis’

®The theorem assumes—realistically—that forecast ermersat everywhere zero.

"Coyle proceeds to apologize for perpetrating in the Golderu®ontest the notion that the difference between 2.2% and
2.5% measured GDP growth in a given year is at all meaningfalvever, Coyle also stresses that journalists could imgrov
their presentations of forecasts by avoiding spuriousigi@tand by explaining the uncertainties involved.
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Finally:
never predict large shifts.
This is similar to the preceding advice, but emphasizes #ealrio avoid forecasting at all — just say
where we are. The ‘bus-stop game’ in Hendry (2001a) illtetravhy that strategy works. Such ad-
vice may seem at odds with the main problem confronting exdndorecasting, namely large shifts,
but assumes we are not be able to forecast the big changesyanifgure 9 illustrates the apparent
effectiveness of forecasts that never have any ‘futureterdn | have marked what the forecast for
1947-48 might have been, given a ‘history repeats itselfionobased on the experience in 1920-21:
40% government deficit-GNP ratio removed in 3 years; tro@maabilized; European trade collapses;
pre-war parity sought—and output crashes in the ensuingvpaisslump. No amount of missing the
target by forecasting the previous value would ever ovelmvlame huge error like X. This suggests that
the valuation criterion itself is inappropriate, a pitfdiscussed earlier.

Nevertheless, perhaps it is worth trying to anticipate &en
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Figure9 ‘Forecasts’ of the unemployment rate.

7 Forecasting the pitfalls

“Toad-stone: popular name for the minekaifonite supposed to be a natural concretion
found in the head of the common toad — and predicted to offeteption from poison”.
From Robert HunterEncyclopaedic Dictionary1894, reported ifrorgotten English by
Jeffrey Kacirk, 200E.

“Sweet are the uses of adversity, which like the toad, ugty\@nomous toad wears yet a
precious jewel in his head”. (in ShakespearssYou Like L)

8Toad fairs were common in the early 1800s in Dorset: the t@admade predictions based on the patterns a handful of
dried toad bones made when they fell.
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A regime shift would reveal significant predictive failurere, namely wear the stone and drink poison—
shades of Voltaire: “An incantation can kill a flock of she#mccompanied by a sufficiently large dose
of arsenic”. In economics, policy-regime shifts are amdmg host important members of this class,
although ‘economic crises’ follow a related close seconore€asts made before a break and in igno-
rance of its impending occurrence are bound to suffer iteftécts. Consequently, attempts to forecast
future ‘rare events’, especially those which entail lomatshifts, could pay handsome dividends. Thus,
we turn to the second sense of our title: how can we forecasgitfalls that might confront us?

Sen (1986) suggests two main difficulties confronting sssfté economic ‘prediction’: choice and
interaction. The former entails that different economieratg can choose differently in near identical
situations, and the latter that interactions between onidi of decisions can lead to unexpected out-
comes.

Several possible approaches are available for accourgingife events in modelling; rather fewer
for forecasting rare events directly, thereby avoidingrémulting large forecast errors. Note that mod-
elling rare events is particularly onerous because thers@few observations on the rare events them-
selves. Models of past shocks fall into three groups, wheretents are modelled:

(a) as one-off aberations (usually removed by indicatoiaisdes: see e.g., Hendry, 2001b);

(b) by adding observable factors to account for the shitsw#h financial liberalization: see e.g.,
Muellbauer, 1994); and

(c) as part of more regular ‘regime shifts’ (as in Markov shihg: see e.g., Hamilton, 1989, and
Krolzig, 1997).

A natural step in approach (a) is to document the rare evemtsge how often they occurred and
how big they were historically. Then one could seek to motliyforecasts accordingly. Two forecasts
might be produced, one accounting for, and the other neégéectome large potential shock, such as
another oil crisis. Each person can then select the forélsashe or she deems most likely. Or, the
two forecasts can be averaged, weighted by how likely thelstmr its absence) is believed to be. To
illustrate that by our analogy, one might expect a 4-hourrjey without delays and a 6-hour journey
(equally likely) with delays, and so schedule 5 hours tatairder to allow for both possible outcomes.
Note that actual outcomes always differ from the weighteddast in this case—the actual journey time
is either 4 hours or 6 hours and never the 5 hours planned. W&thet not such discrepancies between
forecasts and outcomes matter depends on the costs of§oezoars.

Route (b) is the most satisfactory in intellectual termsinaghts are gleaned into how economies
function—Dbut only after the event. To be of value in foregagtall new shifts would need to be forecast,
as well as prior explanations provided.

As an example of (c), Osborn, Sensier and Simpson (2001) rieeassions as sufficiently rare
that adding ‘leading indicators’ to a regime-shift modedghtihelp in their prediction, and claim some
success in practice.

Unfortunately, many rare events are not part of a sequekeeblisiness cycles on which a small
sample of observations is available: examples include g8 Banking Act and the 1986 Building
Societies Act in the UK, both of which had massive unforsemmsequences which later could be mod-
elled as in (b). Even so, ‘rare events’ should be partly mtattie since they have causes, and some of
those causes may be discernible in advance. Environmeméaévents such as hurricanes, earthquakes
and volcanic eruptions usually issue ‘advance signs’ tteharbingers of impending problems. Recent
advances in (say) earth sciences for forecasting volcaunfitions seem to have considered both leading
indicators (e.g., the temperature of the vented steam,eniss indicate increased activity), and ‘pres-
sure analysis’, which uses low-frequency sounds as anatatiof internal pressure that will lead to an
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explosion (the lower the sounds, as in an organ-pipe, tre@réne pressure). If economic counterparts
have corresponding attributes, then a search for ‘earlyrwg signals’ is merited. One route may be by
monitoring high-frequency data, which should reflect lawashifts much sooner in real time, although
there is the corresponding drawback that such data tend twiser. Nevertheless, ‘early-warning’
signals merit serious consideration, so high-frequenagings on the state of the economy must play a
role in this area.

7.1 Forecasting crises

“...whereas the weather forecast has no effect on the wedtigeeconomic forecast may
often affect the economy...” Sir John Mason, in discussiorendry (1986).

An extreme pitfall is a crisis — an event which occurs remlk&requently, given the examples of
crises in the 1990s that Barrell (2001) discusses. Say wmtigredict’ their impending occurrence,
then we face the above problem, first discussed by Morgen&6e8), and partially resolved by Marget
(1929):

Monday: garage mechanic ‘Your brakes are about to failyairiBetter fix them’;
Wednesday, back at garage: driver — ‘Why did you change mikelpads: yesterday’s emergency stop
was fine?'.

We all see the silliness of this interchange—until it comegredicting crises. If we succeeded,
and altered policy such that no crisis eventuated, woultdltba forecast failure? We could, of course,
emphasize the conditional nature of the crisis forecagiliagibin the mechanic’s comment (‘unless you
fix the brakes, you will have an accident’), and most Centiahl® PR certainly tries to (‘we averted
the recession by lowering interest rates’). Neverthekbgscombination of failure to forecast crises that
later occur (East Asia in 1997), and forecasting ones thatoddiappen conspire to overwhelm the few
successful positive predictions (no points are awardedhmantra ‘no crisis ahead’ even when it is
correct). Most such attempts in fact focus on ‘pressureyaig) so can claim a good pedigree, but as
yet have not delivered much in the way of ‘best in show’ acdeta

8 Conclusion

“When weather forecasters go awry, they get a new super-gtnpvhen economists mis-
forecast, we get our budgets cut”. DFH (originally quotelibf@ing the unpredicted 1987
storm).

There are many pitfalls in all forms of forecasting, mostivegemplified by economic forecasting.
Many are unavoidable, because they are due to events otlisigeirview of almost anybody: Septem-
ber 11, 2001 is a tragic example. However, a recent genazahthof economic forecasting provides a
framework for analyzing methods in the context of a world vehguch unanticipated location shocks
occur, and models are inexact representations of the egoridmat theory helps explain many historical
episodes of forecast failure, and suggests genuine waysifiag systematic forecasting errors, none
of which relies on the lighthearted advice to forecasteosiged above.

The car journey analogy highlighted many of the pertinesués, and suggested why some methods
might work even when maps were unreliable guides to an dwamging route network. If econometric
models are to succeed as forecasting devices, they mustabéwvag and could try to forecast some of
the pitfalls that lie ahead.
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