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S 8 Background

Economics confronts a non-stationary,
evolving world , where model and mechanism differ.

Poor historical track record of econometric systems
forecast failures, and out-performed by ‘naive devices'.
Problems date from the early history of econometrics.

Such an adverse outcome Is surprising:

econometrics uses inter-temporal causal information
Explanation:

Many steps between

predictability of a random variable attime 7 + h, and
forecast of it from an estimated model at T.
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¥4 A long history

Ancient Egyptians foretold harvests from
the level reached by the Nile in the flood
season.
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The Oracles of Delphi and Nostradamus
are early examples of often ambiguous
forecasters.

C17th: Sir Willlam Petty discerned a seven-year
business cycle, suggesting a basis for
systematic economic forecasts.

In the USA, a forecasting industry developed around
1910-1930, but much of it was wiped out by the Great
Depression—which it failed to foresee!
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=/ B Mis-firing forecasts
> L 0

Almost no economic theories allow for unanticipated
location shifts: yet occur regularly empirically

Analogy: rocket to moon due
to land on 4th July, but hit by
meteor and knocked off course.

Forecast is badly wrong. TEN

2] i R
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L v il # '-\"::1{'-&*
Outcome not due to poor forecasting models;
and does not refute Newtonian gravitation theory
Example of location shift : change in previous mean.
Most location shifts seem unanticipated ex ante.

Cannot solve by adding variables that ‘explain’ shift:
their shifts need to be forecast in turn.
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s theory of economic forecasting

Well developed Iif
econometric model coincides with stationary DGP

Consider n x 1 vector x; ~ D,, (x¢|X;_1,0) for 8 € ® CR¥,
where Xi1 = ( L. XT .. -Xt—l)-

Statistical forecast x_ = f;, (X7) for T+ h at 7.
How to select £,?

Traditional answer—conditional expectation:
Xpipr = Ex74n | X7] Unbiased,

El(xp4p, —Xpynr) | Xr] = 0.
xp.pr has smallest mean-square forecast-error matrix:

M [S(\T—|—h|T | XT} =E |:(XT-|—h — §T+h|T) (XT+h — 5<\T+hyT)/ | XT] :
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New theoretical framework
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Empirically-relevant theory needs to allow for

model mis-specified for DGP

parameters estimated from inaccurate observations,

on an integrated-cointegrated system,

iIntermittently altering unexpectedly from structural breaks.

Theory has achieved some success:

explains prevalence of forecast failure;

accounts for results of forecasting competitions;
explains good performance of ‘consensus’ forecasts.

Corrects some ‘folklore’ of forecasting:
forecast fallure not due to:

‘poor econometric methods’,
‘Inaccurate data’,

‘Incorrect estimation’, or

‘data-based model selection’.
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=/ ® Ten problems

First: problems learning Dx. (-) and 6:

() specification of the set of relevant variables {x;},
(i) measurement of the xs,

(if) formulation of Dx: (-),

(Iv) modeling of the relationships,

(v) estimation of 9, and
(vi) properties of Dx: (-) determine ‘intrinsic’ uncertainty,

all of which introduce in-sample uncertainties . Next:
(vil) properties of DX?E{ () determine forecast uncertainty,

(viil) which grows as H increases,
(1X) especially for integrated data,
(X) increased by changes in Dyr+: (-) Or 6.

T+H

These 10 issues structure analysis of forecasting
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» B8 Potential problems

(1) Specification incomplete if (e.g.) z; needed.

(i) Measurement incorrect if (e.g.) observe x; not x;.
(i) Formulation inadequate if (e.g.) intercept needed.
(iv) Modeling incorrect if (e.g.) selected wrong lag.

AN AN

(v) Estimating € adds bias, (6 — E[6]), and variance V/[6)].
(vi) Properties of D(e;) = ID [0, X.] determine V|x;].

(vil) Assume ey, ~ ID [0, 2] but V]er] could differ .
(viil) Multi-step forecast error cumulates.

(ix) If unit roots have trending forecast variances.
(x) If @ changes could experience forecast failure.

Must be prepared for risks from (1)—(x).

First ‘undo’ (v), estimating 6 from sample¢t=1,....T
Then (iv) by omitting variables, then (x) by changing 0 plus
(i) and (v).
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S Autoregressive-distributed lag DGP
> L I J

Stationary scalar autoregressive-distributed lag DGP given

by:
Tt = U+ pxe—1 + V2t + € (1)

where ¢, ~ IN |0,02] and |p| < 1.

In (1), {z:} is exogenous with known current and future
values.

Let E[z;] = x and E[x¢] = (x + v&)/(1 — p) = 0, so long-run
static solution is:

r=04+ Az — k) (2)
where A = ~/(1 — p), leading to the equilibrium-correction
form:

Axy = (p—1)(x-1—0 — XNzt — K)) + & (3)

In which all terms have mean zero.
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N Forecasting from the ADL
) Forecasting fomthe ADL

When ;. = 0, p, v all known & constant, forecast from z IS:
TriT = PTT + Y2741 (4)
Dx: (-) Implies Dyr+: (+), producing unbiased forecast:

T+1

E [($T+1 — /x\T+1|T) |z, ZT+1] =E[(p—p)zr + (v — ) 2741 + €741]

which Is zero,
with smallest possible variance determined by Dx: (-):

V (141 — Zriayr) | = 0oF.

Thus: Dyr+: (+) = IN [pzr + v2741, 02].

T4+1

Issues (I)—(X) ‘assumed away’.
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S F 5 under correct specification

correct specification

N\
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Panel a: forecasts from a draw of (1)) when (p = 0.8,y = 1)
are known and constant; (2.7, from (4) with error

bars of +20) and when estimating (p, ) (27447451 With

bands). Forecasts almost identical,with small increase Iin
uncertainty. So not problem (v)
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S F > under incorrect specification
P 7 .

incorrect specification

o | T b
[ R +hT+h-1 3 T B B
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Panel b: forecasts when z; omitted both in estimation and
forecasting:

forecasts poorer, but well within ex ante forecast intervals.
So not problem (iv) either
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Panel c: shiftin pat T'= 41 to p = 0.4, then back to p = 0.8 at
T = 46: only slight impact from halving p then almost none
from doubling.

So not problem (x) either
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incorrect specification+breald,=0

45 d
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Panel d: shiftin pat T'= 41 to p = 0.4, then back to p = 0.8 at
T = 46 so all of (iv), (v) and (x) violated, yet little noticeable
Impact from halving then doubling p.

So not problem (x) even with (iv) and (v)
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AT +h[T+h-1
T+h!T+h—1

30-

25

20-

Panel e: same shift in p but:

T = [+ pri—1 +v2 + ¢ Where p =10 (5)
Catastrophic impact from halving  p now, yet not from
doubling again.

First 5 forecasts upward relative to previous outcome.

So Is problem intercept—or mis-siecification?
F Hendrv ()
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i@.‘b eC|f|cat|on, 1 = 0 and changed p

50,

correct specification+break,=10

N — —
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45"

40-

agl AT +h[T+h-1
I XT+h[T+h-1

30-
25l

20-

Panel f: model correctly specified in-sample
forecasts for same break, ;. = 0 again, but E[z;] = x = 10.
forecast failure is again manifest

In-sample correct specification need not help
even with a zero intercept and known future  z7.,.
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correct specification

" X4h[T+h-1

§T+hIT+h—1

T XT4hT+h-1

30

35
correct speC|f|cat|0n+brealz =0
XT+h|T+h 1 : —_—
T+h|T+h-1 : 7N
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::;@1; PEspecification, 1 & p changed twice

¥ LY
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Jh.
Incorrect specification+breal,=10,50,k =10
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Panel g: model incorrectly specified , forecasts after
same breaks in p to p*, & both 1 =10, x = 10 with p* = 50 at
T = 41 then back to = 10 at T' = 46 SoO:

TTin = W + P XT4h—1 + V2T4h + €T4h (6)
Yet no forecast failure when 2y 1y = 10+ prrp_1.
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In second: E[xy] = (u+vk)/(1 — p) = 6.
fall systematically if E[-] changes to #*, as converge back to

J‘*" Problem is long-run mean shift
Change due to effect on E[z;|. Let A = ~+/(1 — p) and write
DGP as:
Axy=(p—1) (-1 —0 — Mzt — K)) + & (7)
In first case E[z;] = 0 before and after shift in p.
Elzr.p] shifts from 6 = 50 to #* = 17 In both cases e and f
but 6 =6*In g.
All models in this class are equilibrium correction
0, Irrespective of new parameter values
Huge class of equilibrium-correction models (EQCMS)
regressions; dynamic systems; VARs; DSGEsS;
ARCH; GARCH; some other volatility models.
Pervasive and pernicious problem affecting all

Memos o
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anding these forecast errors

V.

S LE

More realistic if DGP involves lagged rather than current z:
v =0+p(@xi-1—0)+v(2-1—K) te& (8)
e; ~ IN[0, 02], E[z¢] = 0 and E[z] = & with ~ #£ 0,
but z;_; omitted from model:
Tt =@+ pri—1+ €

Break occurs at 7', with post-break DGP, t =T + 1, .. .

2 =0"+p" (x4-1 —0") + 7" (-1 — ") + & (9)
Mis-specified forecasting model:
Tr1|T :5+5(§T —5) (10)

AN

estimated over ¢t = 1,...,T, with parameter estimates (6, p)

AN

where E[f] = 0. and E[p] = p..
Forecast from estimated z; at forecast origin yields
forecast error ey yjp = o741 — Zp 7.

—n.23/82
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Forecast-error taxonomy

9, |

All main sources of forecast errors occur using (10)
when (9) is DGP :

erpr =0 —0+p* (z7 —0°) =D (5T = 9) + 7" (21 — £7) + er41
Stochastic breaks : (p, v) to (p*, v*); (11)
deterministic breaks : (0, ) to (6%, x*);

omitted variables : z;

Inconsistent parameter estimates : p. # p, 6. # 0,
estimation uncertainty : V[p, 0];

Innovation errors : .

Taxonomy of sources of forecast errors reveals all:

calculations expand terms so each component
corresponds to a single effect (e.qg.):

9*—5:(9*—9)+(9—96)+(96—5) (12)

F Hendrv N




> Taxonom
7 Taxomomy

€rpi|r Element EXxpectation Variance
(1—p*) (0" —0) (i@  (1—p) (6" —6) 0

+(p* = p)(2r—0)  (Ib) 0 (p* = p)* V]zr]
T (1 - p) (‘9 - ‘96) (”a) (1 - IO) (‘9 - (96) 0
+(p—pe) (2r —0)  (iib) 0 (p— pe)” V]zr]
—p (7 — z7) (i) —p(El@r] —2r) p*V[zr — 7]
~(-p)(6-0.) (va) 0 0,(T")
—(p=pe) (zr —6)  (ivb) ~ ( Op(T™)
+v* (21 — ) (V) 0 () V [21]
+eraq (Vi) 0 o2

Ignored interaction terms and estimation covariances of
O, (T~ ).
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-error taxonomy implications

N/ |

From foot of table:
(vi): innovation error Eler,1] = 0 and V[ery1] = 0 SO no
bias, and O,(1) variance (irreducible if {¢;} an innovation).

(v): omitted variable E[v*(zy — x*)] =0 and

VIv* (27 — k*)] = 02, SO no bias despite omission and change
In parameter values, & O,(1) variance, reducible by
including {z;_1}, with estimation variance of O,(T1).

(ivb): slope estimation E[(p—p.)(zr—60)] ~0asSE[p—p.] =0
and E[z7 — 0] = 0, plus estimation variance of O, (7T~ 1).

AN

(iva): equilibrium-mean estimation E[(1 —p)(0 —0.)] =0
with an estimation variance of O,(71).

—Dn.26/82
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S B Commentary

(iif): forecast-origin uncertainty  E[p(z7 — 27)] = 0 only if
forecast origin unbiasedly estimated, & variance O,(1).

(lib) slope mis-specification E[(p — p.)(z7 — #)] = 0, and an
O,(1) variance unconditionally.

(lla) equilibrium-mean mis-specification  : 0 # 4. possible
If In-sample location shifts not modelled.

(ib) slope change E[(p* —p)(zp —0)]=0asS Elzy — 0] =0
Irrespective of p* # p.

(1a) equilibrium-mean change —fundamental problem:
0™ # 6 Induces forecast failure.

—n27/82
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=/ B Implications

d F Hendrv

Once in-sample breaks removed, from good forecast origin
estimates, still have:

Elery 7] = (1 —p") (6" — 0) (13)
and that bias persists at'e;, 571, €tc., so long as IS

used, even though no further breaks ensue.

Keep 1 constant but shift p to p* induces a shift in 6 to 6*.
Power of insight exemplified by:

(a) change both i and p by large magnitudes with 6 = 6*:
outcome Is iIsomorphic to x = p* = 0, SO no break is
detected; and

(b) when 1 = p* =0 and z;_; Is correctly included, then

k # ™ Still Induces forecast failure by shifting 6.

Result applies to all equilibrium-correction models—fall
systematically when E[z] changes as models’ forecasts
converge to 6 Irrespective of value of 6*.
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S B Many parameters shift

u=0: y=2; k=5; p=0.8; changed ta=0; y7=1.36; k=5; p"=0.6

50,
45-
35-
30-

250

30 35 a0 45 _ 850
s0 M=5; y=1; K=5; p=0.8; changed tp"” =2.5; y"=0.86; k=5; p"”=0.6

40

30"

2?%0 | | | | 3‘5 | | | | 40 | | | | 45 | | | | 50 |
Can essentially replicate break by changing u, v and p In
many combinations: economic agents could not tell

what had shifted till long afterwards.
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>R Y18 previous DGP
P MAprevousDGP

When p Is changed back to p = 0.8, the old equilibruim is
restored, so forecasts rapidly converge back to E[z].
Suggests original model ‘recovers’ when DGP reverts.

Even so robust forecasts may do better
Difference mis-specified model (10):

AZpyp|T+h—1 = PATTp—1 OF:

TTh|T+h—1 = TT4+h—1 + PATT 1 (14)

Uses ‘wrong’ p for first 5 forecasts;
Incorrectly differenced,;
and omits relevant variable.

—n.30/82
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> Diffieer p

500 O i
45-

40-

35-

—~

U XT+h[T+h-1
: XT+h[T+h-1

25-

20

i i | -
15? } //
L ‘ ‘ ‘ ‘ | ‘ ‘ ‘ ‘ | | ‘ ‘ ‘

I | I I I I | I
30 35 40 45 50

Robust forecasting device (14) for DGP in Panel c:
avolds most of last 9 forecast errors.
RMSFE of Panel c Is 6.6 versus 5.5 here; but 3.8 versus 2.0

over last 9 forecasts.
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2 Differenced device taxonom
WS> L Y l

Let erypnrin_1 = T +h — T h|T+h—1"
Assume accurate 77, and p = p for simplicity,
then from (14), ez 7 IS:

(L=p") (0" =0)—(1—p") (@r —0) +7" (zr — &%) — pAzy + €41
so taking expectations using E[z7] = 6 and for h > 1:
Elwrs] = 0"+ (0)" (0 - 6%) (15)

and:
E[Azp 4] = (1 —p*) (o))" (6" - 6) (16)

Elerir] =~ (1 —p%) (0" —0)
which Is equal to the in-sample DGP forecast bias.

F Hendrv —n.32/82
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d-device taxonomy beyond T +1

S5
.45
But at 7"+ 2:
eryort1 = — (1= p) (w141 — 0°)+y" (2041 — K7)—pAzTL1+er 0
so from and (16):
Elerroirii] = (1 —p") (p* —p) (07 —0)
Valuable offset from —pAzp 1 component even though
p*F P
At T + 3:

Elersaryal = 0" (0" —p) (1 —p*) (6" —0)

which Is close to zero.

Taxonomy matches previous graphs, as little affected by
estimating p.
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B/ & Generic ‘solution’

Apply to ‘all parameters change’ DGP in Panel I.
n=5; y=1; K=5; p=0.8; changed tp" =2.5; y~=0.86; k=5; p"=0.6
50 —- _\\\\ 7~ , 3 .

: N s AN robust @)
40" _ ) ‘

i T XT4nT+h-1
30} - XT+|"I
20

%0 3 40 i s

SO TS (ii)
;

i T QT+h|T+h—1
30; T+h
20i | | | | | | | | | | | | | | | | | | | | | | |

30 35 40 45 50

Robust device avoids almost all but first forecast error.
Stark contrast to in-sample DGP forecasts: massive
forecast failure for first six forecast errors.
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S 58 s the robust method work?

At h — 1 > 2-periods after the break, using:

TP hT+h—1 = TT+h—1 + PATT 1 (17)
SO. ~ ~
er+h|T+h—1 = (1 =) Azpip 1 (18)
where from equation (7):
Arrip1= (" = 1) (rpn—2—0" = XN (2rin-1—K")) + €rrn1

which: (19)
a] corrects to the new equilibrium through

(Tryn—2 — 0" = X (2r4n-1 — K%));

b] includes the effect from 21 ;,_; even though that is
omitted from the forecasting device,;

c] has the correct adjustment speed (p* — 1);

d] (1 —p) in (18) acts like a ‘damped trend’;

e] uses the in-sample well-determined estlmate 0, albeit

that has shifted.
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Bank of England forecasts

Chart shows Bank of England forecasts for annual changes in UK
GDP at February 2008 through the end of 2010: a distinct slowdown is
envisaged, but nothing like the unanticipated 9% fall at annual rates
that materialized.

Chart 1 GIP projection based on market interest rate
expectations

FPercentags imncreasss im output on ayear sarlier

Banlk estirmates of past growwth

———— Projecticorn —5 e

1
1
1
1
1
1
1
1
1
1

|
i

(o

| 1 1 1 | 1 1 1 | 1 1 1 I 1 1 1 | 1 1 1 1 1 |
Zoo= et o5 os o7 e = =T

fray

The fan chart depicts the probability of wvarious outcormes for S DF growwth., To the left of the first
wartical dashed Lline, the distribution reflects the likelinhood of revisions to the data ower the pastg
to the right, it reflacts uncertainty owver the evolution of GO F growvwth in the Tuture. IT economic
cCircumstances identical to today’s were to prewvail on 100 occasions, the FHMPC's be st collective
judgermentis that the mature estimate of SDP would lie within the darkest central band omn anly
1o of those occasions. The fanm chart is constructed so thatoutturms are also expected to lie
wweithim each pair of the lighter green areas on ten occasions. Consequently, SGODOP growewth is
expectad to lie somevwhars within the entire fam on 20 out of 100 occasions. The bands widan as
the tirme horizon is extended, indicating the inaeasing uncertainty about outcomes. See the box
o page 39 of the MNowvermber 2007 Maflafron Repord for a fuller description of the fan chart and
wwhat it reprezent=s. The second dashed line is drawn at the bwooprear point of the projectiomn.
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“F o UK GDP across 2008-2011
2 L

Selected model by Autometrics 1989(2)—-2007(4):

yt — 0.537 Yt—1 T 0.012 — 0.071 11990(3)
(0.083) (0.003) (0.013)

o = 0013 x?(2) =227 Fa(5,6) =1.60
RZ = 049 Fpet(2,71) = 0.05 Freset(2,70) = 1.43

The corresponding robust device, therefore, was:
Yt = Yi—1 + 0.5Ay 1 o =0.021

Thelir respective forecasts follow.
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forecast failure, at an insurance cost when no shifts occur.
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=/ B Possible forecasting problems

Mis-specification, mis-estimation, non-constancy,
of deterministic , stochastic , or error components,
all could induce forecast failure.

But location shifts are the key problem,

namely shifts in parameters of deterministic components.
Location shifts easy to detect.

Other breaks not so easy to detect

Impulse response analyses then unreliable.

Many conventional results change radically
when parameter non-constancy:

non-causal models can outperform causal;
multi-step forecasts more accurate than 1-step;
Intercept corrections can improve forecasts.
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Location shifts in theory

Means (;,) of distributions can shift location.

Fat—tail distribution versus a shift

0.40-

0.35 68% probabilit
: ex ante

0.30 . .

: location shiff—
0.25
0.20-
0.15

0.10-

0.05 t

S a s 2101723 45§ 7881
s standard deviations

Shifts in distributions over time not the same as
‘many large outliers’.

Next draws have very different probabillities:

cease to be ‘Black swans’
Explains sudden clusters of ‘bad draws’
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Location shifts in practice

Market-implied probabillity distributions of S&P500

Market-implied probability distributions of SE&P 500
Dersity

\ Lprl 20 perak

1 1 = 1 1 1 1 i i 1 1 1 i 5 ]
i EOin [ ulN] 1800 Fu ]
[y o

Sowces: Chicago Morcantike Bochangs and Bank alculations.
Scie FER: Chiart & for details

Bank of England Financial Stability Report, June 2010
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5 PR .
WS> . L2, Implications for forecasting theory

When model is a good representation of economy,
and structure of economy unchanged
many important theorems can be proved.

Forecasts approximate conditional expectations:
‘best’ model generally produces best forecasts —
congruent encompassing model should dominate.
Need to pool forecasts refutes encompassing.
Forecast intervals accurate and increase with horizon.

But history of economic forecasting refutes

—n.44/82
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% = New theor

When econometric models mis-specified, and
economies subject to important unanticipated shifts

forecast evaluations unfavourable to econometrics,
as are forecasting competitions.

‘Simple’ extrapolative methods outperform;

pooling forecasts often pays.

‘Judgement’ has value added in economic forecasting.
Forecast Intervals inaccurate and

may decrease with horizon.

Limited information and non-constant processes create
gulf between predictability and empirical forecasting
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AR(1) inflation forecasts
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Consequences for forecasting

Intermittent forecast failures confirm these arguments:
either economists uniquely fail own assumptions;
or assumptions of time invariance are incorrect.

Forecast failure mainly due to location shifts.

Most location shifts seem unanticipated ex ante:

explains forecast failure in equilibrium-correction models—
vast majority of theories and models in economics.

Zero-mean changes don’'t harm forecasts, pace Lucas;
but could damage policy analyses.
Pernicious for impulse response analyses

Could imposing more economic-theory restrictions solve?
Or perhaps even less....
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N Cointegrated DGP
W) ConegatedDGP

Vector equilibrium correction model (VEgCM):
(Axg—) = a (B'xi-1— p) + €. (20)

E[Ax;] =~ with3'vy=0and E [B’Xt} = L.
Shiftsof Vu* = p* —pand Vy* =~* —~v at 7' — 1:

Axr =v" + o (/B,XT—l — .LL*) + €. (21)
Then
Axpp =5+ o (8xr — p) + ery1 + VY —aVp? (22)
where e
AXpr =7+ o (/B/XT — H) (23)

leading to the forecast error:

AXT_|_1 — AXT—I—HT — V’Y* — aVu* + €T411- (24)
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S Forecasting models

Key model robust to location shifts—double differenced
(DDV):

AQXt — Ct or AXt — AXt_l -+ Ct- (25)
Contrast using Axy 1 = Axr.
Ax;_1 does not enter DGP: not causally-relevant
Corresponding forecast error Is:
Axri1 — AXpyqr = Y+ a (8% — p*) + erp1 — Axy
= Aepi + af Axyp. (26)
SO: N /
Eri1 |Axry1 — AXpyqr| = af'y* =0,
because 3'~* is zero.

Until VEQCM has parameters ~* and p*,
will outperform, despite non-causal basis.

—n.49/82
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=/ B DDV as a robust device

Economic time series do not continuously accelerate —
zero unconditional expectation of second difference:

E [A%z] =0. (27)

Second differencing

removes two unit roots , intercepts and linear trends ;
changes location shifts to ‘blips’ ;
and converts breaks in trends to impulses

Key Is differencing till no deterministic terms
hence success of ‘random walk’ for speculative prices.

But differencing incompatible with measurement errors:
exacerbates negative moving average.

F Hendrv —n.50/82




Location shift

1'0f — Level
0.5
O.OV [ I [ [ [ | [
0 20 40 60 80
1.0
S —A
0.5
0.0 l
0 20
l—
0
0 20

F Hendrv

Broken trend

T




S Using Ax. to forecast

Consider an extended in-sample cointegrated DGP:
Axp =+« (/B,XT—l — u) + Wz + v, (28)
where z; denotes many omitted effects, with:
Axryi =" +a’ ((5*)/XT+z‘—1 — M*) +Wzry + Ve (29)
for : > 0. AVEQCM In x1_; IS used for forecasting:

AN AN AN /\/ AN
AXTyiT+i-1 =7 T O (5 XT+i—1 — IL) : (30)

All main sources of forecast error occur given (29)
stochastic and deterministic breaks;

omitted variables;

Inconsistent parameters;

estimation uncertainty;

Innovation errors

—n52/82
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¥ B DDV avoids failure

Contrast using sequence of Axy_;_; to forecast:

AXT T 4i-1 = AXT4i-1. (31)

But because of (29)/, fori > 1, Axy;_1 IS:

Axriio1 =+ o ((B") xrgic2 — 1*) + 2041 + Vi1

Thus, Axr.;_, reflects all the effects needed: (32)

parameter changes;
no omitted variables:
with no estimation issues at all

Two drawbacks

unwanted presence of vy, in (32),

which doubles innovation error variance;

and all variables lagged one extra period,

which adds ‘noise’ of I(—1) effects. Clear trade-off .

—n 53/82
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S B Explanation

But easy to see why Axy. 74,1 = Axpi;—1 May win.,
Let Axry; — AX7jj74i—1 = VrtijT4i—1, then:

/{;T—l—i]T—l—z'—l — 'Y* +a” ((/3*)/XT+z'—1 — LL*) T ‘I’*ZT+z' T VT4
— [+ o ((B") xp4ic2 — 1*) + O 21y 1 + Vg1 ]
= a*(8") Axpyio1 + O Azpy; + Avyy,. (33)
All terms in last line must be I(—1), so very ‘noisy’,

but no systematic failure.

Major difference between forecasting and modelling, policy
etc.. do not need to disentangle parameters for former.

But can improve by combining congruent model with
robustness—and keep all policy implications as well.

—n.54/82
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2 fferenci
g" y7 Differencing the VEqCM .

Shifts in . are most pernicious for forecasting so use
differenced variant of VEqQCM after estimation and before
forecasting:

— PR ~/ PR
Axp i1 = AXp + @A (B XT — u) . (34)
In (34), cointegration rank restriction imposed;

so (34) is double-differenced VAR plus aB/AxT:
re-introduces main observable from In robust form.

From (22):
Axpi1 = AXr 4+ « (,B/AXT — A,u*) + A€ryq.

Ap* = Vp* attime T — 1 only, otherwise is zero: Au = 0.
Thus:

E[AXT 1 — Ay ] = E [AXT + af Axp — (In + aB’) AXT] ~ 0

— n 55/82
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S B Properties

DVEQCM ‘misses’ for 1 period only,
does not make systematic, and increasing, errors

Ignoring parameter estimation uncertainty:

erpir = Axry1 — Axpygr =~ Aery,
and ey o7 ~ Aeryo.
System error Is {e; }:
so differencing doubles 1-step error variance.

Same for DDV, but adds variance of DVEQCM term a3’ Ax;.

New class of forecasting models created by (34)_|:
Axr is instantaneous estimator of v and a8'xr_; of p.
Longer averages ‘smooth’, but slower to adapt.

—n 56/82
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Public-service case study

Forecasting discounted net TV advertising revenues
10 years ahead for ITV3 licence fee renewal for OfCom.

Econometric VEQCM system from PcGets ‘quick modeler’;

forecasting by the DVEqQCM:
the robust device which retains causal effects

Also averaged across a small group of related methods:

see
http://www.ofcom.org.uk/research/tv/reports/tvadvmarket.pdf
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Figure 6.5 Three sets of forecasts for illustrative Scenario A
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Forecasting (during) breaks

L)
.ﬂ\"‘ V17

Essentially requires a crystal ball to foresee shifts
But worth investigating what would be required. ')

Potential role for different information sources , -
Including volatility forecasts -

If fail to forecast break, could model change process:
predict impact of an ‘internal’ break during its progress.
‘Internal’ break changes the model in use

Also investigate mitigating forecast failure
by intercept corrections & differencing

‘External’ shifts leave model unchanged, but alter
‘forecast conditions’: Here, updating can help.

But updating unreliable for internal shifts:
can lose cointegration after an equilibrium-mean shift
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What can be achieved?

>y

Objectives in Castle, Fawcett and Hendry (2011):

develop methods for forecasting breaks

with

robust strategies if breaks incorrectly predicted
First requires that

(1) breaks are predictable

(2) there Is information relevant to that predictability
(3) such information is available at forecast origin
(4) we have a forecasting model that embodies it
(5) we have a method for selecting that model

(6) resulting forecasts are usefully accurate

—n61/82
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o ¥ Robust strategies

Second builds on considerable recent research

(7) Robust forecasting devices

‘Insurance’ after a break to mitigate systematic failure.
Clements and Hendry (1999); Hendry (2006)

new explanation for success of naive devices

(8) Improved intercept corrections
‘Set on track’ at the forecast origin, while smoothing recent
corrections.

(9) Pooling of forecasts
‘Model averaging’ can go seriously wrong, but improved by
Gets model selection

(10) More accurate forecast-error uncertainty measures.
Very difficult to achieve all ten:

but some progress
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‘E}‘} . .y
g!»‘ y7 npredictability of breaks .

Role of information in economic forecasting analyzed in
Clements and Hendry (2005)

New formulation with tWO information sets
which potentially might be very different  —

one economics : regular forces from agents’ behaviour

other could be politics (say): causes of sudden shifts

No claim that such information actually exists in any
given instance, but key to model both if it does

Classic example:
one set of forces that leads to outbreak of civil war

other factors which facilitate its continuation—
see (e.g.) Collier and Hoeffler (2007)
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> Available information

F Hendrv

Several possibllities:

‘leading indicators’—but historical record unimpressive
non-linear functions of variables already in models—same

Rapid information updates at forecast origin:
nigher-frequency data should help—but may not

—orecast-error taxonomy for time disaggregation:
nigher frequency does not reduce impacts of breaks
on forecast errors

May detect breaks sooner, so adapt better
But higher-frequency data also noisier...

So consider information outside usual subject matter

—n.64/82




2 Non-linearit
S L 4 l

Appropriate model form entails non-linear reactions

_ow-dimensional, orthogonalized-representation of
polynomial functions

Power against up to quintics and inverses thereof

Test only needs 2n functions for » linear regressors
Often 3n < Twhenn[l+(n+1)(n+2)/3] > T

Provides basis for general-to-simple approach:
linear model embedded in non-linear general model

F Hendrv



g
w

> Mitigating forecast failure
F W) Vitgating forecast failre

-

To avoid systematic forecast failure:

@® Forecast location shifts:;

@® Forecast ongoing effects when shifts occ '
® Adapt rapidly to breaks

Obvious problems when model is non-constant
But problems remain even if model is constant
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¥
ﬂff‘ y7 External breaks .

Analysis of changing collinearity in mis-specified models:
to minimize E[ET_I_”T] eliminate regressors with population

t-values less than unity (7‘ < 1).

Adverse impact on MSFE If collinearity changes:
cannot forecast better simply by dropping collinear
variables if 73 > 1.

J

Data-based orthogonal transformations can change
an external break into an internal one.

Immediate updating invaluable

Even more valuable to correctly eliminate or retain variables
when ratio of smallest eigenvalue of second-moment matrix
after the break to before ()’ /\,) IS large.
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Forecasting during a break

yp=a+All—exp(—=¢[t =T+ 1)) 1y>7) + € (35)
et ~ IN [0,02], and 1,57y = Dypy is indicator function/dummy
Know break occurs at 7', forecasting over 7'+ 1, ..., T + 4.
Four alternative 1-step ahead forecasting devices:

(@) an intercept-corrected model,  y; =+ 0Dy + vy,
(b) the differenced device, Yy prin—1 = Yrin-1;

(c) an estimated version of (3%):] 1 = +oat T +1,
YT 4h/T+h—1 = O + A(1 = exp(—(h + 1)1)), T+ 2 on; and

(d) ignoring the break

Forecast 7'+ 1 from T then 7'+ 2 from T + 1, etc.

—n.68/82
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> ¥ Simulation results

DGP is forN=1,¢v=0.2,0,=0.1and T = 100

4 alternative forecast devices: fig. [/0 summarises

Estimating the ‘ogive’ break does yield a lower MSFE than
mechanistic devices even 2 periods after the break

Mainly due to reduction in bias

but MSFES are very similar :

consistent with robust device performance on UK GDP
above where recession drop like an ‘ogive’ break

All updating devices do substantially better than
ignoring the break

—n.69/82
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Mean error and MSFE for break DGP
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=/ 8 Empirical illustration

Learning-adjusted interest rate on retail sight deposits at
banks changed following Finance Bill of 1984:

Rot = wt - Rgy

wy 1S welghting function representing agents’ learning about
Interest-bearing retail sight deposits:

—1

we=(1+expld—r(t—¢+1)]) (36)

for ¢t > t*, zero otherwise, when ¢t* = 1984(3).
0, k estimated as data accrue.

Figure [/2 shows four stages of (36)):
(a) none; (b) after 1 year’s information,;

(c) after 2 year’s information; (d) full (5 years).
Find (b) is enough to forecast rest of impact
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(a) Unadjusted model
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1-step forecasts of UK M1
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ons on model-based forecasting

9% 13

In non-stationary economies subject to unanticipated
structural breaks, where models differ from DGPs In
unknown ways, selected from unreliable data,
forecasting implications differ considerably from
model = DGP In a constant mechanism.

Unanticipated location shifts pernicious for forecasting:
systematic mis-forecasting in all forms of
equilibrium-correction models.

Yet every DGP parameter shifted without any noticeable
effect If no location shift.
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29 p’e Conclusions on robust devices
N
Location shifts created by many different combinations of
DGP parameters shifting:
which changed may not be discernable till well after.
Systematic mis-forecasting mitigated by differencing
econometric system, retaining original estimates, even If
DGP parameters changed.

A?xr.4; = 0 knowingly mis-specified in-sample by restricted
Information: yet avoids systematic forecast failure on
1-step forecasts .

Verisimilitude of a model not checked by forecasting
success or failure.

Costs of unnecessary differencing relatively small.

Policy implications unchanged—may or may not be useful
depending on the unknown source and form of shift.

—n.79/82
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S = Conclusions on methodolo

Forecast failure requires change relative to empirical
model

Unanticipated breaks entall today’s conditional
expectation not unbiased for tomorrow’s outcome

Invalidates inter-temporal derivations based on law of
iterated expectations.

Faced with forecast failure,
economic agents may adopt robust forecasting rules.

Neither device considered here can forecast future location
shifts:

different class of model needed for that, based on different
Information.
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