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Get real on investment charlatans

‘Economic forecasters....make forecasts not because theyknow, but because they are
asked....providing an illusory comfort blanket.... Fulfilling a demand for bogus preci-
sion about an unknowable future is a service of sorts, even ifthe results rarely stand
up to intensive scrutiny.... Those who think that regressions and correlations based on
past data are a guide to the future....are guilty of wishful thinking. ’

Jonathan Davis:Last Word, Financial Times, June 11, 2007.

1 Introduction

Is Allan Timmermann guilty as charged by Jonathan Davis? Arewe? The above quote, drawn from a
full-page article in the ‘Money Section’, is a strong indictment of econometric modelling for forecasting.
The implicit assumption is that such forecasts are for financial markets, rather than say unemployment,
GNP or inflation, where there is well-established value added–compare the Bank of England’s ex ante
fan chart bands against their ex post mean square forecast errors to see their accuracy up to 4 quarters
ahead. On that count,not guilty for at least some macroeconomic time series forecasts.

However, in financial markets is the accusation also unfair?How predictable are returns on risky
assets when the underlying data generating process (DGP) isevolving? Timmermann (2007) emphasizes
that return predictability is elusive, so is hardly an overstated claim; and he argues that a forecasting
model’s best hope is ‘local predictability’. Local predictability relates to the situation, where for short
episodes, some model predicts well, but once that method becomes common knowledge, and perhaps
even before that, any predictability is lost. Such a use of ‘regressions and correlations based on past
data’ is quite distinct from naive ‘constant model’ forecasts, which may be the butt of Davis’s charge.

Some impact of public forecasts on outcomes is inevitable infinancial markets, and has been well
known since Oscar Morgenstern’s famous critique in Morgenstern (1928), as reviewed by Arthur Marget
(1929), albeit that publicly credible financial forecasts are rare. ‘Elusive’ is indeed the key qualifier.
That granted, can returns be forecast with useful accuracy by the approaches he discusses, even using
alternative evaluation criteria for forecast accuracy? Empirically, none of the methods Timmermann
evaluates achieves great gains, so we first reconsider the concept of an unpredictable process and note its
implications. Then we address Timmermann’s approach in general, rather than specifically for financial
returns, as forecasting in non-stationary DGPs raises generic issues, to many of which he has made
valuable contributions–see in particular Sullivan, Timmermann and White (1999), Pesaran, Pettenuzzo
and Timmermann (2006), Paye and Timmermann (2006). We sharethe common objective of improving

∗Financial support from the UK Economic and Social Research Council under grant RES-062-23-0061 is gratefully ac-
knowledged. We are indebted to Jennie Castle and Nicholas Fawcett for helpful comments.

1



forecasting by confronting non-stationarity, both unit-roots and breaks, and hence concur with much of
his analysis; however, our comment perforce focuses on areas where we adopt different, albeit related,
approaches.

1.1 Unpredictability

A non-degenerate random variableεt is unpredictable with respect to an information setIt−1 over a time
intervalT if its distribution conditional onIt−1 is equal to its unconditional density (see Clements and
Hendry, 2005):

Dεt
(εt | It−1) = Dεt

(εt) ∀t ∈ T . (1)

Given the information setIt−1, unpredictability is intrinsic to the variableεt. Notwithstanding (1), when
It−1 ⊂ Jt−1, it is possible that:

Dεt
(εt | Jt−1) 6= Dεt

(εt) ∀t ∈ T . (2)

However, incorporatingJt−1 in a model only ensures thatεt is predictable when the conditioning relation
is that in (2).

Inter-temporal transforms also affect predictability: ifIt−1 depends onXt−1 = (xt−1, . . . ,xt−r),
wherex′

t−1 = (x1,t−1, . . . , xk,t−1), combinations such as:

yt = gt (Xt−1,βt, εt) ∀t ∈ T (3)

are predictable. Here,yt is the variable of interest, andβt is the set of parameters characterizing
the relationshipgt (·), which may change over time. Consequently, predictabilitydepends on model
formulations–the focus in Timmermann–to the extent that one uses:
(i) different information sets orXt−1;
(ii) different choices of the conditioning relation;
(iii) different formulations of the relationshipgt (·);
(iv) different specifications of the time variation in{βt}.
Even if one commenced from (3) as the initial model, there arefour additional problems in forecasting
yT+h for h > 0:
(v) selecting the relevant variables inXt−1;
(vi) estimating their associated parameters;
(vii) measuring the forecast originxT ;
(viii) confronting further changes ingT+1 (·).

Since the stock market is intrinsically nearly unpredictable, the issue is whether returns precisely
satisfy (1)–so all information about prices is immediatelyacted upon, generating a ‘no-free-arbitrage’
martingale difference–or is there a relation like (3) whichcould be found by an assiduous investigator
even whenXt−1 is uncertain andgt (·) shifts over time? Assuming (3) exists, the central problemscan
therefore be regrouped as:
[1] the specification ofIt−1 (via Xt−1) at eacht, leading to his considering moving sample-period win-
dows: (i);
[2] the formulation ofgt (·) and{βt}, needing the discovery of and accounting for past shifts, and pos-
sibly non-linear relations: (ii)+(iii)+(iv);
[3] insurance against major losses from adopting the wrong model, leading to robust methods and at-
tempts to forecast future breaks: (vii)+(viii);
[4] the selection of the relevant relationship from the evidence: (v); and
[5] the impact of estimation on the accuracy of the resultingforecasts: (vi).
All five issues are considered by Timmermann, but with different emphases than those we highlight
below.
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1.2 Forecasting in non-stationary DGPs

Timmermann refers toforecasting methodsrather thanmodels. The former explicitly comprises not only
the model specification as in (3), but also the estimation technique and choice of estimation window.
However, it only implicitly includes the method of selection–a key lacuna discussed below.

Given that construct, he lists a number of ‘forecasting methods’ for dealing with ‘model instability’:
[1] use rolling windows–which gets a high profile, despite his noting that there is ‘no theory for how to
select the length of the rolling window, nor DGPs for which this is the optimal strategy to use’;
[2] (a) track evolving estimates; (b) postulate regime-shifting models; and (c) identify historical breaks;
[3] (a) model averaging is part of his ‘model set’, as are (b) non-linear models (such as STAR, neural
nets) and (c) forecasting the best forecaster.

We focus on four areas which we consider to be under-represented, drawing on a range of recent
research reported in :
[1]/[5] moving windows and estimation updating–we proposeone DGP which partly supports both,
namely when there are changes in collinearity;
[2] using impulse saturation to detect breaks;
]3] we note a critique of some ‘popular’ approaches to model averaging, the absence of other robust
forecasting methods, and of attempts to forecast breaks in mean and/or variance; and
[4] model selection, where there has been immense recent progress, neither referenced nor used in his
paper.

2 Rolling windows and changing collinearity

The basic analysis is well known (see Castle, Fawcett and Hendry, 2007), but the implications are new.
Consider a simple conditional regression as the DGP:

yt = β′
zt + εt where εt ∼ IN

[
0, σ2

ε

]
(4)

wherezt is independent of{εt} and generated by:

zt ∼ INn [0,Σ] (5)

for Σ = H
′
ΛH with H

′
H = In. The sample estimate is denoted:

β̂(1,T ) =

(
T∑

t=1

ztz
′
t

)−1 T∑

t=1

ztyt. (6)

We allow a break in collinearity that altersΣ at T + 1 onwards. The resulting 1-step ahead uncondi-
tional mean-square forecast error (MSFE) for known regressors from (4) for̂β(1,T ) is (see Clements and
Hendry, 2005):

E

[
ε̂2
T+1|T

]
= σ2

ε

(
1 +

n∑

i=1

λ∗
i

Tλi

)
(7)

whereE
[
zT+1z

′
T+1

]
= Σ

∗ = H
′
Λ

∗
H. If β̂(1,T ) is retained, (7) continues to hold atT + 2 onwards.

However, with estimation updating, so the next forecast uses β̂(1,T+1):

E

[
ε̂2
T+2|T+1

]
= σ2

ε

(
1 +

n∑

i=1

λ∗
i

Tλi + λ∗
i

)
. (8)
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The relative reduction inMSFE depends most on the smallest eigenvalue ratio, which can shift radically
when there is a break in collinearity so (8) can be considerably smaller than (7).

If instead ofβ̂(1,T ) as in (6),β̃(m,T ) is used, then (7) becomes:

E

[
ε̃2
T+1|T

]
= σ2

ε

(
1 +

n∑

i=1

λ∗
i

(T − m + 1) λi

)
(9)

which must be worse than (7) whenm > 1. However atT + 1 usingβ̃(m+1,T+1) so some of the break
period is in-sample:

E

[
ε̃2
T+2|T+1

]
= σ2

ε

(
1 +

n∑

i=1

λ∗
i

(T − m + 1) λi + λ∗
i

)
. (10)

The relative weight attributed to the second regime is clearly larger than for ‘full-sample’ estimates, and
will grow faster as the horizon grows, although the loss of earlier information is a counter weight. This
example reinforces the advantages of updating, and provides some support to rolling windows, although
calculations for small(T − m + 1) from (10) show that a short ‘window’ is dreadful initially (see Castle
et al., 2007).

2.1 Model mis-specification

Allowing for model mis-specification makes that picture more interesting, albeit more complicated. Par-
tition x′

t = (x′
1,t : x′

2,t), wheren1 + n2 = n whereβ′ =
(
β′

1 : β′
2

)
, and the forecast only uses the

former:
yT+1|T = x

′
1,T+1β1, (11)

so the forecast error isωT+1|T = yT+1 − yT+1|T . In an obvious notation, the unconditionalMSFE is
now:

E

[
ω2

T+1|T

]
= σ2

ω

(
1 + T−1

n1∑

i=1

λ∗
i

λi

)
+ β′

2Λ
∗
22β2. (12)

This trade-off is key to forecast-model selection. Sinceβ′
2Λ22β2 =

∑n
i=n1+1 β2

i λi, defining the non-
centrality of the squaredt-test ofH0: βj = 0 by:

τ2
βj

'
Tβ2

j λj

σ2
ω

, (13)

then from (12) the unconditionalMSFE is (see Clements and Hendry, 2005):

E

[
ω2

T+1|T

]
' E

[
ε̂2
T+1|T

]
+

σ2
ω

T

n∑

j=n1+1

(
τ2

βj
− 1
) λ∗

j

λj

. (14)

Three conclusions follow from this analysis of changing collinearity when using mis-specified models,
both aspects of which seem realistic. First, one minimizesE[ω2

T+1|T ] by eliminating all regressors where

τ2
βj

< 1. SecondlyE[ω2
T+1|T ] is possibly smaller than theMSFE of the estimated DGP equation.

Thirdly, one cannot forecast better simply by dropping collinear variables if they are relevant withτ2
βj

>

1. Hence it is invaluable to correctly eliminate or retain variables whenλ∗
j/λj is large. The conclusions of

the previous section are harder to re-establish under mis-specification, but seem likely to remain relevant,
namely updating helps, and a rolling window may help.

We note that discrete and intermittent shifts inβ when E [yt] stays constant would provide the
strongest case for a rolling window estimator.
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3 Robust strategies

There are two different reasons for seeking robustness:
(I) against measurement errors, an example of which would bethe ‘fundamental price’ versus the ob-
served price. Then a Holt–Winters (see e.g., Holt, 1957) or exponentially weighted moving average
would be a more robust procedure.
(II) changing DGPs as is the focus here, in which case intercept corrections (ICs ) and differencing are
more robust (see Clements and Hendry, 1998, and Hendry, 2006).

Unfortunately, solutions for the first generally conflict with those for the second: for example, an
EWMA correction for measurement errors is oppositely signed to an IC which offsets a location shift.
If breaks are mainly location shifts, then relatively robust solutions exist to mitigate forecast failure (see
Clements and Hendry, 2001). A ‘real-world’ application of such devices to forecasting discounted net
TV advertising revenues 10 years ahead for pricing ITV3’s licence fee renewal illustrates their potential:
see http://www.ofcom.org.uk/research/tv/reports/tvadvmarket.pdf. The primary econometric system for
forecasting was developed by PcGets ‘quick modeller’ discussed in Hendry and Krolzig (2005), but
forecasting by the differenced system, which is a robust device that nevertheless retains causal effects:
see Hendry (2006). The finally selected forecasts were basedon an average across a small group of
related methods, an issue to which we now turn.

4 Model averaging

Pooled forecasts often improve over any single method in thepool, but there are circumstances when
pooling can go seriously wrong. First, if a subset of variables in a large candidate group is important,
but another larger subset is irrelevant, then the weight ascribed to irrelevant components in the pooled
outcome biases the coefficients of the relevant–in essence,poor models are accorded too much ‘im-
portance’ overall even though individually each receives little weight: see Hendry and Reade (2007a,
2007b). Secondly, when there are location shifts, in-sample causal relations need not help in forecasting,
although there may be offsetting effects that help an average (see Hendry and Clements, 2004). How-
ever, Clements and Hendry (1999) propose a number of simple forecasting models that are robust in the
presence of past breaks, such as differenced models, but these are often not considered in the model pool.
Further, if a past break has been detected and modelled by an indicator as one of the candidate variables,
then averaging can be much worse than the general model, again by according too much weight to the
half of the models without the indicator.

To avoid such mis-performance when forecasting, it seems essential to select a small subset of ‘good’
models for the average, retaining some robust predictors in‘averaged set’. Our approach to selection is
explained in section 6.

5 Detecting breaks by impulse saturation

The ‘impulse saturation’ strategy proposed by Hendry, Johansen and Santos (2004) addsT indicator
variables to a regression for an estimation sample of sizeT by first adding half the indicators (equivalent
to just ‘dummying out’T/2 observations), recording any significant ones (see Salkever, 1976), then
omitting these, and adding the other half, recording significance again. Finally, the two sets of significant
indicators are combined to remove outliers and location shifts. At significance levelα, thenαT ‘null’
indicators will be selected on average: forα = 0.01, andT = 100, then just1 indicator will be retained
by chance. A feasible algorithm is discussed in Hendry and Krolzig (2005), formalized in Hendryet al.
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(2004), and implemented inAutometrics(see Doornik, 2007). Alternative splits, such asT/3, T/4, etc.
do not affect the null retention rate, nor do unequal splits.

There is an important difference between outlier detectionand impulse saturation, illustrated using
Autometricsin figure 1. The top-left panel shows the absence of outliers at α = 0.025 when the fitted
model is just the mean and the DGP is standardized white noisewith a location shift of10 error standard
deviations (σ) for 30 periods. The top-right panel confirms that all the residuals lie within±2σ̂. By
way of contrast, the lower-left panel shows the detection ofthe shift after impulse saturation, again
at α = 0.025 confirmed in the lower-right panel as capturing all the shifts. This technique is part of an
automatic general-to-specific (Gets) modelling methodology which also has implications for forecasting.
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Figure 1: Absence of outliers despite a break

6 Model selection

Several references toBIC in his paper suggest that Timmermann believesBIC is a sensible selection
criterion in the general DGPs he considers. We are unaware ofevidence that BIC is a good selection
method in the face of non-constancy of means, variances, andother features of distributions such as
shape, systematic nature of the time series, volatility clustering etc. all of which could apply in the
present setting. We believe that automatic general-to-specific Gets has much to offer, especially when
impulse saturation is part of the procedure, as there is a crucial difference between selectingmodelsand
selectingvariables. Given an initial set ofk candidate regressors, there are2k possible models. Many
selection methods such as Raffalovich, Deane, Armstrong and Tsao (2001) involve selecting models, as
do the basic selection algorithms in the model averaging applications of Raftery, Madigan and Hoeting
(1997). If k = 1000, that induces10301 possible models; and it is hard to believe that any selection
technique will choose accurately between these (not to mention it being a prohibitive task). Conversely,
whenα = 0.001, only one irrelevant variable will be retained by chance even if none actually mattered;
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yet any relevant variables with samplet-statistics in excess of about 3.3 in absolute value will be retained.
Selecting variables by a process of reduction has seen a large amount of research since the selection
algorithms of Hoover and Perez (1999) and Hendry and Krolzig(2005), culminating in automated model
selection packages such asPcGets(Hendry and Krolzig, 2001) andAutometrics. These algorithms can
be analyzed theoretically and checked by Monte Carlo simulation to calibrate significance levels for
the selection rules and mis-specification tests to ensure they result in minimal undominated congruent
selections. Hendry and Krolzig (2005) also discuss how to bias correct the parameter estimates after
selection, which could be valuable when forecasting.

To illustrate, consider the perfectly orthogonal regression model:

yt = β′
zt + εt (15)

whereE[ztz
′
t] = Λ is ank × k diagonal matrix andT >> k. Order thek samplet2-statistics testingH0:

βj = 0:
t
2
(k) ≥ t

2
(k+1) ≥ · · · ≥ t

2
(1).

The cut-offn between included and excluded variables is:

t
2
(n) ≥ cα > t

2
(n+1),

so all largert2 values are retained and smaller are eliminated. Thus, only one decision is needed even for
k = 1000, and ‘repeated testing’ does not occur although path searches give the impression of ‘repeated
testing’. Despite the potential for10301 possible models, the false null retention rate can be maintained
at r variables by settingα= r/k, so1/1000 for r = 1.

7 Conclusions

Allan Timmermann has made a brave effort to forecast the nearunpredictable. His research takes a num-
ber of useful steps down the road to understanding the general problem of forecasting in non-stationary
time series, especially where time invariance is unlikely.We hope our analysis adds to that understand-
ing. Practitioners who seek to employ his ideas for other potentially forecastable economic time series
have much to draw on, but, in selecting a viable forecasting methodology, might also consider the other
research avenues sketched in our response.
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