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ABSTRACT

A sequence of increasingly large same-sign 1-step-ahead forecast errors are most likely due to a sudden unexpected shift. Large
forecast errors can be expensive, but also contain valuable information. Impulse indicators acting as intercept corrections to set
forecasts back on track can be quickly tested for replacing outliers, a location shift or broken trend, greatly improving forecast
accuracy. The analysis is applied to forecasting the UK's annual consumer price inflation which rose rapidly from mid-2021 to

over 9% in 2022 after a series of essentially unpredictable shocks led to large forecast errors by the Bank of England.

JEL Classification: C2, C5,J3

1 | Introduction

There is a large literature on detecting and forecasting after
breaks, striving to rapidly detect breaks and modify forecasting
devices accordingly, well referenced in the papers in the special
issue edited by Giannellis et al. (2025). It has proved difficult to
do both so far as large forecast errors could be due to big out-
liers or mis-measurements, a sudden step shift in the mean of
the process, or a trend break. Although such errors can be ex-
pensive, they also contain valuable information. In particular,
a short sequence of increasingly large one-sided 1-step-ahead
forecast errors as the forecast origin advances suggests an un-
expected shift, most likely a trend break. Consequently, large
forecast errors contain valuable and usable information about
their source. Isolating information about the source of forecast
errors has broader use in applications such as forecast-extending
time series where filters are applied at the end of the sample,
precisely when accurate information on structural breaks and

outliers is needed (see, e.g., Findley et al. 1998, and its successor
X13-ARIMA-SEATS). Exponential smoothing methods and the
seasonal adjustment literature rely on the signal regarding the
type of break to accurately extrapolate data at the forecast ori-
gin: Gardner (2006).

Forecasts can be “put back on track” at the forecast origin by
impulse indicators acting as intercept corrections (ICs), as the
value of the impulse indicator is the forecast error at that time
point (see, e.g., Hendry and Clements 1994). Using impulse in-
dicators to offset forecast origin mis-forecasts has three advan-
tages. First, because they act as one-off ICs, the next forecast
commences from the forecast-origin data observation with un-
changed parameter estimates, which will lead to further notice-
able forecast errors if there is a location shift or trend break, but
not from one-off outliers or measurement errors that such ICs
fix. Second, successive large forecast errors reveal that the cur-
rent model is inadequate and needs updating, which is possible
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by ICs, but the few new mis-forecast observations available from
which to do so are usually insufficient for adapting large sys-
tems. Third, it is feasible to test if the first few significant ICs are
eliminated when replaced by a step shift or a broken linear or
log-linear trend, with an encompassing test against the alterna-
tives, guiding the appropriate correction.

Here, to isolate the source of a succession of such large fore-
cast errors, and so capture sudden rapid shifts, we use a
deterministic-trend model for the log-level of a nonstationary
time series. Because any broken new trend will diverge increas-
ingly from the previous trend, ever larger forecast errors will re-
sult if not corrected. Consequently, despite having few (only 2 or
even 1) post-break observations, we show that the new trend can
be estimated reasonably accurately and so continue to forecast
adequately until another break occurs.

After a series of essentially unpredictable shocks from the
ending of the COVID-19 pandemic lockdowns, supply chain
disruption, then the energy crisis caused by Russia’s invasion
of Ukraine, UK annual inflation measured by the monthly
Consumer Price Index (here, including owner occupiers’ hous-
ing costs, CPIH) rose rapidly from mid-2021, peaking over 9%
in late 2022. Figure 1 records the annual inflation time series.
Coroneo (2025) shows that standard forecasting benchmarks
like a random walk and a scalar autoregression had one-quarter
ahead root mean square forecast errors (RMSFEs) over 2019.Q1-
2023.Q4 of 2.3% and 1.7% when the Bank of England inflation
target was 2%.

Because our (ex post) forecasts can be tested against the actual
outcomes, we can evaluate the approach for the UK's recent
surge in inflation, acting as an investigator who sequentially
forecasts many steps ahead at each forecast origin using only
available information. On finding a sequence of large, same-
signed 1-step-ahead forecast errors despite correcting such er-
rors using impulse indicators as ICs, the forecaster seeks the
earliest date each sequence of ICs can be replaced by a step shift,
a broken linear or log-linear trend to improve forecasts when a
sharp upswing is in progress. Using monthly time series over
2010(1)-2024(3) on the log of the CPIH (see https://www.ons.
gov.uk/datasets/cpih01/editions/time-series/versions/48), we
find a series of sudden trend shifts, each of which can be de-
tected in turn after a couple of large forecast errors, from which
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FIGURE1 | UK CPIH annual inflation, 2010-2024.

corrected annual inflation forecasts can be derived. The result-
ing forecasts are respectably accurate till the following shift,
and one set is able to predict 16 months ahead across peak infla-
tion and its ensuing slowdown.

Immediately after each of the first three unexpected breaks, the
forecaster finds that the first of their h-step forecasts is badly
wrong, adds an IC, and forecasts h-steps ahead again and after
a month discovers that the next 1-step forecast is also badly
wrong. Adding another IC for that error confirms two large and
increasing same-sign errors, so the forecaster tests to see which
of a broken linear or log-linear trend eliminates them most ef-
fectively (essentially an encompassing test) and then again fore-
casts h-steps ahead. So long as no further large forecast errors
occur, the forecaster continues with that selected broken trend
model. If another break happens, the procedure just described
is repeated. To illustrate the power of the approach, the figures
in Section 6 also often show what would have happened if the
break had been ignored. To see what the forecast would have
been for the second month after the break once the broken trend
was selected, most of the multi-step forecasts used a coefficient
estimated from just the first large forecast error. Given its suc-
cess, we both selected and estimated a log-linear broken trend
from just one large forecast error for the final break, the theory
of which is discussed in Section 3. Castle et al. (2025) provide a
summary of our resuts in discussing the Bernanke (2024) review
of mis-forecasting UK inflation by the Bank of England during
2021-2023.

The structure of the paper is as follows. Section 2 discusses the
history of ICs to provide the context as to why such an approach
may not have been considered previously. Section 3 explains the
valuable information in large forecast errors and analyzes the
properties of forecasting by a broken trend after just one large
error. Section 4 simulates rapid detection of a deterministic
trend break; then Section 5 briefly describes indicator satura-
tion estimators (ISEs) used for model selection. Section 6 applies
the analysis to rapidly detecting and forecasting after the sudden
unexpected shifts in annual UK inflation over 2021(3)-2024(3).
Section 7 concludes.

2 | A Brief History of Intercept Corrections

On a historical note, Suits (1957) discusses the many potential
roles of dummy variables in regression analysis, although he
does not consider their use as “intercept corrections” for fore-
casting. Klein (1971) described having used “add factors” based
on recent forecast errors when forecasting but does not seem
to have investigated why they helped. Young (1979) saw their
role as projecting past errors into the future based on apparent
model mis-specification or non-constancy of unknown sources
which were expected to persist, and Wallis et al. (1986) suggest
that such adjustments to model-based forecasts do improve fore-
cast accuracy. At the start of Hendry's career in the 1960s, such
devices were also known derogatorily as “ad hoc factors” and
even “con adjustments” so created a negative affect towards
them that probably discouraged serious study: A Google Scholar
search for “intercept correction” yields very few cited works
even now. An acceptable euphemism was to refer to the broader
concept of judgemental adjustments (see, e.g., Turner 1990, who
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found mixed success). Ericsson (2017, §3) remembered Hendry
being critical at a US Federal Reserve meeting of Peter Hooper
adjusting his forecasts with add factors, questioning why do so
if the model was good. However, as Ericsson (2017) also notes,
advising the 1991 UK Parliament's Treasury and Civil Service
Committee on economic forecasting (Hendry 2025, previously
unpublished by accident) changed his views, leading to Hendry
and Clements (1994) on a theory to explain ICs, and then
Clements and Hendry (1996) with an explanation why a step
indicator form of IC worked well after a location shift, as well
as a chapter in Clements and Hendry (1998). Although postmor-
tems examining forecast errors were common, the information
actually contained in large forecast errors to radically improve
forecasts after shifts remained hidden in plain sight as we now
discuss.

3 | The Valuable Information in Large Forecast
Errors

We consider forecasting after a single observation on a trend
break to emphasize their high information content. Suppose we
have data for t=1, ..., T, ..., T+ h, given initial conditions,
where we initially observe the in-sample datat =1, ..., T and
forecast sequentially through T + 1, ..., T + h. The data genera-
tion process (DGP) is given by

Y, =6t+ylog(tyr)) +¢ )

where {z—:,} is an independent normally distributed error with a
constant mean of zero and variance ag, denoted &, ~ IN [0, aﬁ],
and define &, = y,4; — 141 s the 1-step-ahead forecast error.
The broken trend ¢, r,is unity up to T, then 2, 3, 4, ... from T + 1
onwards. Hence, in-sample, there is a constant linear trend,
but after T, there is an unanticipated deviation of a new log-
linear trend. Although (1) is a simplistic DGP, it highlights the

* forecasts

@ observations

——— DGP

Vr-1 B

information content of large forecast errors and captures the
essential characteristics of many trend breaks observed in time-
series data in fields as diverse as climate, weather, economics,
and finance. Additional variables {xi,t} can be included in the
DGP and/or model without problem.

First, consider forecasting at the point of the break, T + 1.
Figure 2 provides a schematic diagram. Because the break is not
known at T, the unadjusted forecast for T + 1 (denoted by *) is
with the forecast error:

Erur = (5 - 3)(T +1) +ylog2) + ery @)

as ty.r; =2 at T+ 1. When E[g] =6, neglecting the vari-

ance component from <5—3> as trend -coefficient esti-

mates have variances O(T~%), then E[£, ;| ~log(2)y and
V[eryr] = E[(§T+1|T—E[§T+1|T])2] = o2 with a mean square

forecast error (MSFE) of o? + (log(2)1//)2. An error is large rela-
tive to 8?, which would have been estimated in-sample, so must
be due to (log(2)y)>

Moving forward one period, as a large forecast error is observed
at T + 1 the forecaster may think there is an adative outlier and
correct the final observation using an IC, Ij7,1, = &pyy71 (141,
where 17,4, is an impulse indicator equal to zero except unity at
T + 1. This will set the final in-sample fitted value (denoted by)
equal to the outturn as

Vraar =0T + D)+ Ly, =8(T + 1)+ ylog2) + 741 =Yy

from (1) so:

Lpp = [(5 - 3)(T +1) + ylog2) + sm] Ly Q)

Vr+3

Vr+2 _
Vr42|T+1 . AN STH2IT+1
€T+2|T+1\%/‘: :
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!
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FIGURE2 | Illustrative diagram of forecasts and forecast errors made when there is a break in trend. The diagram sets the stochastic component

to zero.
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and hence, I;7,q, in (3) “captures” the trend shift ylog(2) (in
bold just to highlight the crucial term), which is the source of
the large forecast error. By “dummying out” the observation at
T + 1, the in-sample trend continues to be extrapolated, shown
by the forecast marked by the dark star in Figure 2. Because
141y =0atT +2, adding it would still lead to the next 1-step
forecast:

Yragra = (T +2)
and hence another large forecast error.

If the forecaster does not think the observation at T + 1is an ada-
tive outlier and chooses to ignore it, they would continue with
the deterministic trend model. As this is recursively estimated
they would have forecast a slightly smaller forecast error than
the intercept corrected model as the realization at y; , would
have biased the full-sample trend estimate, leading to the fore-
cast Y1,y r41- The extent of the bias is a function of T.

Once the forecaster observes y,,; but assumes it is a level shift,
they would have adjusted their forecast by extending the IC to a
step S; 1., resulting in the forecast:

Vrioren = 6(T +2) + Liryy

where 7, = [(5 - 3)(T +1)+ylog2) + £T+1]S{T+2}, re-
corded by the medium-grey star in Figure 2. The forecast error
is reduced but still biased.

If, instead, the forecaster had added the broken log-linear trend
log(t{ t>T]) on the assumption that was the problem, and anyway
acts as a damped trend for forecasting the log price level (see, e.g.,
Gardner and Mckenzie 1985), then the forecast would be

Vrsarer = 6(T +2) +w log(3)

where ¥ = €;,,)r /10g(2), leading to

Eraran =0(T+2)+y 10g(3) +£1,, - 8(T+2)~ 7 log(3)
- (5—3)(T+2)+(w—w) 10g(3) + €745

where
Ely — ] =y —E[£1,11] / log(2) ~ 0
$0 now E[€7,,74] & 0, with an approximate MSFE of o2,

Applying the method to forecast yp,yr,; to the UK infla-
tion example in Section 6, for the last break, the estimate of
Lyoasao) = W = —0.0073 (0.003), whereas the final log-linear
trend coefficient estimate was —0.0105 (0.004), which is
Ii202300y / 10g(2), matching our analytical results.! The MSFE
was approximately 83 and stayed at that level for the remainder
of the forecast horizon. Two caveats to estimating a broken log-
linear trend from one large forecast error are that the data gen-
eration process needs to have an approximate log-linear trend
after the break, and no further breaks occur. Otherwise, if the

large forecast error is due to an outlier, measurement error or
step shift, forecasts could be worse after such an IC, hence the
need for two forecast errors to check the break type, as occurs in
most cases below. Even so, determining a viable correction two
periods after a trend break would be rapid.

4 | Simulating Rapid Detection of a Deterministic
Trend Break

We undertook a Monte Carlo simulation to evaluate the detec-
tion and forecast performance of the above real-time forecast-
ing procedure, both under the null of no break and under the
alternative of a trend break. In the simulations, there are T = 80
in-sample observations and H out-of-sample observations to
evaluate forecasts. Impulse indicators are denoted L, and trend
indicators are denoted T; ending at time j, whereas ¢ is a linear
trend for t =1, ..., T+ H. All the simulations are based on

M = 10,000 replications.

The DGP is given by (here bold denotes vectors)

y=ul+irp+pt+e, €~IN[0,020] @
where 7, = (=79, =78, ..., —1,0,0, ...,0), but the full sample
trend ist = (1,2, ..., T+H) . There is a break in trend that oc-
curs at observation T = 80, forecasting recursively over the next
H =5 periods. We set the intercept u = 5.5, the end-of-sample
trend p = 0.05, and o, = 0.025, varying A to give different mag-
nitude trend breaks. DGP coefficients have been chosen to cor-
respond to values that we may observe for annual growth rates
when the regressand is in logs so the growth rate after T is p; up
to T, the growth rate is A + p.

The model is estimated recursively for t=1, ..., T+h
overh=1, ... 5
5
Ye=Po+ Pt + Z By lry+v, ®
j=1

recording the significance of the impulse indicators’ coeffi-
cients. As the impulse indicators are orthogonal and dummy
out the final observations, estimating the model with 5 impulse
indicators overt =1, ..., T + 5is equivalent to recursively test-
ing the individual indicators as the window increases from T + 1
toT + 5.

Figure 3 records the proportion of replications in which the im-
pulse indicators are significant at a 1% significance level as the
sample is increased fromt =1, ... , T+ 1to T + 5. When 4 =0,
the trend in the forecast period is the same as the in-sample pe-
riod, and thus this case pertains to the null of no break. When
A= —0.025, the trend initially has a growth rate of 2.5%,
which then increases to 5% at T + 1 onwards. At the extreme of
A= —0.1, the trend growth rate is initially falling at 5% before
reversing and increasing at 5% at T + 1. The ratio of 4 to o, de-
noted 4, determines the detectability of shifts.

For | AT | >4, the impulse indicators would be retained more
than 90% of the time at T + 1 and similarly for| AT | >2atT + 2.
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FIGURE3 | Proportion of impulse indicators that are significant at 1% for a break in trend (4).

By 4 or 5 observations, a break of almost any size is easily de-
tected by the impulse indicators. When there is no break, the im-
pulse indicators are retained at close to the nominal significance
level. Detection rates are essentially symmetric in the sign of A.
A less noisy DGP (lower o) will increase the retention probabil-
ity and vice versa for a given A magnitude.?

We next test at 1% for the significance of including a linear
or log-linear trend in the model. Recursive estimation over
t=T+2,..,T+5 (commencing in T +2 to give one post-
break in-sample observation at T + 1) is applied to

5
Ye=PBo+Bit+ Botrn + ), B e+ v, ©)

j=2

5
Vi = Bo+ it + Br10g(tr pyr) + Z Byl +v, (7)

j=2

where tp,,=h for h=1,...,H and 0 for 1, ...,T and
log(tr,, +1) =log(h+ forh =1, ... ,HandOfor1, ..., T. We
test for the significance of the last ICs (dropping 1, to avoid
perfect collinearity with the trend) using an exclusion test.

Figure 4 reports the results, where panel (a) records the reten-
tion rate of the included trend, panel (b) records the average
t-value of the trend, and panel (c) records the retention rate of
the impulse indicators when the trend is included. Under the
null of no break, the retention probabilities are close to the
chosen significance level. The probability of retaining either
the linear or log-linear trend increases rapidly as the break
size increases, and there is little difference between the two
trend specifications. The approximating trends are highly
significant, even after just two observations, if the break is

moderately large, shown by the average t-values, and the
linear trend dominates the log-linear trend as the DGP is a
linear trend. The log-linear trend does a good job of approxi-
mating the trend, but its mis-specification is revealed by the
additional retention of impulse indicators (panel c), which in-
creases over the longer forecast horizon as the log-linear trend
diverges from the linear trend. Under the correctly specified
linear trend, the impulse indicators are retained in addition to
the trend for just 1% of the draws, the significance level of the
exclusion test.

The forecast performance of the approach is assessed by com-
paring five alternative forecasting approaches. These include:

i. ignoring the break, that is, (5) with ﬂ,j =0, Vj, denoted
“unadjusted”;

ii. using an IC for the last in-sample observation to intercept
correct at the forecast origin (i.e., not extrapolating the
break forward), denoted “IC”;

iii. using a linear trend from the forecast origin, that is, (6)
with /3’,,_ =0, Vj;

iv. using a log-linear trend from the forecast origin, that is, (7)
with B, =0, Vj; and finally

v. using a step indicator from the forecast origin T, extrapo-
lated forward.

The forecasting exercise undertakes a series of 5 dy-
namic forecasts. The models are estimated over
t=1, ...,T, and forecasts are produced for T, + 1, ... ,T, + 5.
All models are identical for the initial recursion, as the break
in trend occurs at T + 1. Thus, the models are estimated over
t=1, ...,T+1, and dynamic forecasts are produced for
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FIGURE 4 |
of replications in which the p value of the exclusion test over the ICs is les:

(a) The proportion of trends that are significant at a 1% si,

gnificance level. (b) The average t-statistic of the trend. (c) The proportion
s than 0.01, that is, the number of draws in which ICs are significant in ad-

dition to the trend. At T + 2, the exclusion test applies to just I.,,; at T + 3, the joint test is for I, and I3, and for T + 5, tests for the joint exclusion

ofIppp, ooy Ipys

T+2,..,T+6=T,+1, ...,T, +5. In this recursion, there
is just one observation to estimate the linear trend, the log-
linear trend, and the step shift. The models are then estimated

over t=1, ...,T +2, and dynamic forecasts are obtained for
T+3, .., T+7etc.uptoanin-sample periodt =1, ..., T +4
with forecastsoverT + 5, ..., T + 9. Mean forecast errors (ME)

and root mean square forecast errors (RMSFE) are recorded
across the 5 dynamic forecasts for each forecast horizon for 4
equal to (- 0.1, — 0.05, — 0.0375, — 0.025), so only two break
examples have | At >2when o, = 0.025.

The RMSFE results are reported in Figure 5 for the four dif-
ferent break magnitudes.> When the break is large, just one
observation is sufficient to estimate the broken linear trend
and correct the forecasts, with the broken linear trend dom-
inating the forecast performance for breaks of A= —0.05 or
larger in absolute value. Even if the break is of moderate size,
the broken linear trend dominates after just 2 observations.
The mis-specified broken log-linear trend does not remove the
bias, but it is still effective at reducing RMSFE relative to an
unadjusted model. The IC to set the forecasts back on track
slightly worsens the forecast error relative to doing nothing,
as expected. The step shift is the wrong model but could be
detected recursively. Under the null of no trend break (4 = 0),
there is a cost to using the broken linear trend in RMSFE, par-
ticularly after just one observation, which is still present after
4 observations, although the costs are small and averaging
across the broken linear and broken log-linear trends would
mitigate this when the break form was uncertain.

5 | Indicator Saturation Estimation

ISEs are designed to detect outliers, shifts in means, or breaks
in trends (inter alia) at any points in a time series without
knowing their numbers, signs, magnitudes, or timings while
retaining relevant explanatory variables. The approach adds an
indicator variable with the appropriate formulation for every
observation in a sample of size T to the set of potential regres-
sors then searches for significant indicators (see Hendry and
Doornik 2014). Indicator variables could be impulse indicators
(IIS), 1; = 1 for t = j and zero otherwise for j=1, ..., T; step in-
dicators, S; =1 and zero otherwise (SIS); or trend indicators
(TIS; see Walker et al. 2019), which are the cumulation of step
indicators:

7 =(-1,0,...,0)...
=(=T+1, ..., —1,0).

7= (=141, =142, ..., =1,0...0)...; ),

Thus, 744, denotes a trend indicator ending at date, ¢ is the full
sample linear trend ¢t =1, ..., T, whereast,,, is a broken deter-
ministic linear trend commencing at date. Also, S, denotes a
step indicator ending in date, and s, is a step shift commenc-
ing at date. All saturation indicators (lj, S;, and rj) are designed
to be zero in the forecast period.

A tree search algorithm with expanding and contracting block
searches allows all indicators to be investigated for possible
significance: Castle et al. (2021) provide details of the search
algorithm. Given the resulting high dimensionality, selection
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FIGURE5 | RMSFEs averaged across a sequence of 5 dynamic forecasts commencing atT, ... ,T + 4, where the break in linear trend of magni-
tude A occurs at T + 1, so the outcomes at T, + 3 average over forecast errorsatT + 3, ... ,T + 7.

must use tight significance levels a to control the probabil-
ity of retaining irrelevant indicators, particularly if impulses,
steps and trends are searched jointly, denoted supersaturation
(Ericsson 2012). We set & = 0.0001 for TIS, & = 0.005 for SIS, and
a = 0.01 for impulse indicators to select these sequentially when
T =130 using the results in Hendry and Johansen (2015).

6 | Modeling and Forecasting UK Annual Inflation

The combination of the COVID-19 pandemic, supply chain
disruption and the energy crisis caused by Russia’s invasion of
Ukraine led to several rapid upswings in UK inflation. Here, we
investigate how quickly they could have been detected by mod-
eling the log of monthly Consumer Price Index including owner
occupiers’ housing costs (CPIH), denoted p, (source: Office of
National Statistics) with a data set over 2010(1)-2024(3). We fol-
low a forecaster making 1-step-ahead forecasts as the forecast
origin advances each month from 2021(3): This could simply
be the first of a multi-step sequence. The initial model explains
the log-level p, by an intercept and linear trend then using TIS
selected at & = 0.0001 up to 2021(3) as recorded in (8) where all
trends have been scaled by 100:

445  —0.27 15001
~ (0.019) (0.039) (0.028)

[0.022] [0.036] [0.024]

—-0.80 Tao15¢4)y T 0.70 T2015(5)

+ 0.28 759114y + 0.083 750134

—0.21 750142

6=020% R>=0999 F,(7,116)=2.98"
F,.,(7,121) = 0.78 T = 2010(1)-2021(3)

224(2) =222 Fp(20,114) = 1.46
Fleser(2,121) = 0.07  Fyo(1,123) = 10.5*

There are no systematic differences between the conventional
standard errors and HACSESs, so only the former are reported
below and used in calculating forecast standard errors.* Ten ear-
lier shifts in UK log price level since 2010 were detected at0.01 %,
correcting the overall trend to 0.071 (i.e., 0.85% pa). Because all
indicators are zero beyond their dates, the forecasts are
DPronr = Bo + B(T + h), where for the forecast for 2021(4) from
2021(3), B, = 4.45 and §, = 0.071. However, p, = f, + Byt + v, is
an equilibrium-correction equation, which can be written as
Ap, = By — (p;_1 — Byt) + v, so suffers the pernicious problems
of that class, as seen below.

Figure 6a shows the fitted and actual values and the 1-step-ahead
forecast by (8) for 2021(4) from 2021(3) and (b) 2021(5) from
2021(4) with 1oy = 0.0070 (Bry7: Fepow(1,123) = 29.0*) and

+ 0.22 T2014(10)
(0.01) (0.03)

[0.01] [0.03]

+ 1.04 T2018(12)

(0.19) (0.18) (0.02) (0.17) ®)

[0.25] [0.23] [0.01] [0.08]

-13 T2019(1)

+0.39 Ty194) +0.071¢

(0.23) (0.07) (0.006)

[0.10] [0.04] [0.007]
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FIGURE 6 | Fitted and actual values for p, with 1-step-ahead forecast: (a) 2021(4) from 2021(3) from (8); (b) 2021(5) from 2021(4) without Loz
(Pr +1y7> dashed) and with Py +1r dotted); (¢) 2021(6) from 2021(5) (i) with I,y (5) added to ((8): Dr 411> dashed) and (ii) after adding log(tmm)) (9):
Dr +17> dotted); (d) forecasting by (9) to 2021(9) from 2021(4) with both error bars and fans.

without (Pryyjrt Fenow(1,124) = 22.7°%). Although the interval
forecasts (denoted by bars reporting + 26,) are not based on a
congruent model, they offer a guide to the forecast uncertainty
assuming no further trend breaks. When 1,4 is included, it
acts as an IC (denoted by I, 4)), S0 the next forecast commences
from the 2021(4) outcome and hence leads to a similar forecast
error but via a large downward forecast as the upswing is in
progress, emphasizing the trend shift.

Next, panel (c) shows forecasting 2021(6) from 2021(5) after also
adding to (8) (i) 1,025 With t = 5.4 and (ii) the log of the broken
linear trend 10g(fyy;4) ), Where tygy, 4 is unity up to 2021(3), (so
log (t,001(4) is zero), then 2,3,4, ... from 2021(4) onwards. Adding
log(t,001(4)) eliminates the two impulse indicators for 2021(4)
and 2021(5) and is recorded in (9) with an insignificant Chow
test. Finally, panel (d) extends the forecast horizon to 2021(9)
with a multi-step RMSFE =0.15% and Fcy,,,(5,123) = 0.52, so so
(9) forecasts better out of sample than the in-sample fit, despite
the coefficient of 10g(t2021(4)) being selected from just 2 observa-
tions and estimated from 1.

445 —0.27 Ty50)

b= (0.019)  (0.039) (0.028)

—-0.80 Tyois@y T+ 0.70 T2015(5)
(0.19) (0.18)

+0.28 Thp1  + 0.083 Tgy3

-0.21 Tooi6z) T+ 1.04 Ta018(12)

Feqer(2:121) = 0.07  Fypo(1,123) = 0.03

Although we have used p, to test for and model changes in trend,
the forecasts for annual inflation are easily derived from the
levels' forecasts as A/lz\pﬂth = Drynr — Prn-12» and will have
the same error bars as the log level, now recentered on annual
changes. The outcomes are shown in Figure 7. The forecasts
(2)-(d) are derived from those in Figure 6. That the first two are
below the previous outcome is all too common with equilibrium-
correction models.

6.1 | The Next Break

We continue to follow the forecaster noting their 1-step-ahead
forecasts as the forecast origin now advances from 2021(9).
The model is (9) augmented by 10g(t,y4)), now estimated
up to 2021(9) with 6 = 0.20%. As Fpo,(1,128) = 12.38** when
forecasting 2021(10) from 2021(9), a second break has hap-

—0.22 T2014(10)
(0.01) (0.03)

©)

(0.02) (0.17)

—13 13000 +0.39 75004, +0.071¢ +0.0101log(ty)u)

(0.23) (0.06)
6=020% R>=0999 F,(7,116)=2.98*
F,.(7,122) = 0.78 T =2010(1) — — 2021(4)

12,(2) =228 Fy(20,114) = 1.46

(0.006) (0.003)

pened as seen in Figure 8a. This is confirmed when next
forecasting 2021(11) from 2021(10) in Figure 8b. Adding ICs
for 2021(10) and 2021(11) yields t values of 3.5 and 5.3*,
but forecasting 2021(12) from 2021(11) would have delivered
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Fepow(1,128) = 44.8", confirming it is not simply outliers or a
step shift.

From Figure 8b, the break probably started in 2021(8), so
we created a broken linear trend starting then, denoted
booisy Adding it to the model with the 2 impulse indicators
made them insignificant with an insignificant Chow test, and
eliminating the indicators produced the outcome in Figure 8c
with Fepow(1,129) =0.34 and 6 =0.20%. Finally, Figure 8d

shows multi-step forecasts from 2021(11) to 2022(3), with
Fenow(5-128) = 1.81 and RMSFE = 0.40%.

6.2 | Not Another Break!

Forecasting 2022(4) from 2022(3) leads to another significant
failure with Fgy,,,(1,133) = 63** as seen in Figure 9a. By the
time this shift could have been observed, Russia's invasion of
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Ukraine and the consequent energy crisis and fuel and food
price rises had occurred, so such a shift would not be a sur-
prise, confirmed by another large error forecasting 2022(5) from
2022(4) (Figure 9b), leading to L, and Ly, s, with ¢ values of
7.9"" and 8.0™.

445 =027 Ty

b= (0.020)  (0.041) (0.029)

—0.80 Tyo1sa) T 0.70 T2015(5)

(0.20) (0.19)

+ 0.28 750114

-0.21 T2016(2)

Figure 9d with 16-step-ahead forecasts for 2022(6)-2023(9) con-
firms that medium-term forecasts can be usefully accurate de-
spite the most recent broken trend again being selected from just
2 observations, and estimated from 1, obviously conditional on
no new breaks occurring.

+ 0.083 T2013(4)
(0.010) (0.032)

—0.22 T2014(10)

+ 1.04 T2018(12)

(0.02) (0.18)
(10)

— 10475000y +0.39 Tppi9 +0.0711 + 0.01010g(ty00(4))
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+0.28 Ly, + 0.017108(ty0003))
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6=021% R?*=0.999 F,(7,126)=3.53*
F,en(7,134) =1.21 T =2010(1) — — 2022(4)
224(2) =383 Fp(26,121) = 3.25*
Fecet(2,131) = 0.13 Fp,,,(1,133) = 0.04

Adding the next broken log-linear trend log(t2022(3)) elim-
inates the ICs and delivers the outcome in (10), yielding
Fenow(1,133) = 0.042 for 2022(5), shown in Figure 9c, greatly
reducing the next forecast error, as Fgy,,(1,133) =0.16 for
2022(6). The model continues to forecast reasonably accurately
through to 2023(9), which is 17 periods (with 16 ahead), and
although p;, is slightly overpredicted from 2023(7) leading to
Fenow(17,133) = 3.96", the RMSFE is 0.47%, and the tracking is
close as seen in Figure 9d.°

6.3 | Now We Go Back Down

We continued the multi-step forecast to 2023(9) in order to
check if the approach could capture inflation first peaking
then falling. The 16-step-ahead forecasts for p, show that is in-
deed possible. Figure 10 plots all the sets of multi-step-ahead
forecasts for UK prices and Figure 11 for annual inflation,
A/IZ)“W. Although the model estimated up to 2022(4) has
three broken trends all with positive coefficients, neverthe-
less the annual inflation forecasts over 2022(5)-2023(9) cap-
ture the first eight falls after the downturn in inflation. In a
sense, this is partly an artefact of the previous year's inflation
being higher than the current one but also requires accurate
forecasts of pr,pr- As no intermediate 1-step-ahead forecasts
yielded significant errors, we assume the forecaster continues
with the same model.

846

Journal of Forecasting, 2026

85U8017 SUOLIIOD BAEaID 8|t jdde aup Aq peusenob afe sejoiLe O @SN JO SNl 1oy Areiqi8UIjUO /8|1 UO (SUONIPUOD-PUR-SWBI W00 A8 | ImAre1q Ut |uo//Sdny) SUORIPUOD puUe sws 1 8y} 88S *[9202/20/c0] Uo ARidiauluo A8|iMm ‘AISIeAIuN PIoXO Aq 2900L"101/Z00T OT/I0p/oo" A3 (1M Akelq1|puluoy//Sdny Wwolj pepeojumod ‘Z ‘9202 ‘XTETE60T



- P, A
48750 |77 Daoaioy20214% 2f n
o 52022(3)\2021(101 3 S
ass [T 520230020227 Opn
2024(3)12023(10) — £

4.825F

4.801

4.7751

4.75F

4.7251

2620 262 1 2622 2623 2(;24
FIGURE 10 | Multi-step-ahead forecasts of p, over the inflation up-
surge and slow down from 2021(4) to 2024(3), spanning the four epi-
sodes with ellipses highlighting the break periods with the large fore-
cast errors that were used to estimate the broken trends.
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FIGURE 12 | Twelve-month-ahead forecasts for the first three ep-
isodes and 6 and 5months ahead for last two. Vertical lines mark
2months after shifts: (i) without broken trends (green, dotted lines with
symbols, always very poor) and (ii) with broken trends (only poor after
next unanticipated break).

6.4 | A Final Shift

Although the error forecasting 2023(9) for 2023(8) is insignificant,
when forecasting 2023(10) from 2023(9), a significant forecast
error occurs with Fy,,(1,150) = 7.3% revealing another trend
break as the increases in p, slowed. Once again, a broken log-linear
trend from 2023(10) produces Fy,,(5,150) = 1.1 over 2023(11)-
2024(3) although fitted to just one nonzero observation as shown
in Figure 10. That coefficient estimate is —0.0105 (0.004), and esti-
mated till 2024(3) is —0.011 (0.0013), hence the accurate forecasts.

Figure 11 collects our multi-step-ahead monthly forecasts of
annual inflation over 2021(4)-2024(3) (A/HY)T +hjr With =+ 23f)
shown as dashed and outcomes (A,,p,, solid), including the large
forecast errors that prompted the additions of broken trends
(vertically overlapping error bars are for forecasts without and
with ICs). After Castle et al. (2025) was completed, new data
became available to test the continuation of the final shift mod-
el’s forecasts Z;lpzm(s)lmm) shown as dotted in Figure 11 and,
although generally lower than the outcomes, have a RMSFE of
0.43% with Fy0,,(5,155) = 1.53.

The Bank of England started raising interest rates from 0.1% in
February 2022, continuing to raise in small steps till stopping at
5.25% in August 2023, yet our accurate 16-month-ahead (albeit
ex post) forecasts to 2023(9) were made in 2022(4) prior to most
increases. Castle et al. (2025) discuss what the MPC might have
made of them (also see Hendry and Muellbauer 2024).

An alternative comparison is with how the basic model would
have forecasted in the absence of our approach to rapidly cor-
recting after shifts. Figure 12 records whole period outcomes
using 12-month-ahead forecasts for the first three episodes and
6 and 5months ahead for the last two. Forecasting beyond the
next break naturally leads to significant forecast errors, but
that could not be known until after the shifts are observed, and
Figure 11 highlights the advantages of then rapidly correcting
using the initial 1-step-ahead large forecast errors. Conversely,
not correcting would have been a very bad strategy, and al-
though we have used a deterministic trend equation as the illus-
tration in Figure 12, similar patterns of forecast failure would
have occurred for the typical benchmarks that Coroneo (2025)
considered.

7 | Conclusion

A sudden unanticipated shift in a variable will usually create a
sequence of large same-sign 1-step-ahead forecast errors as the
forecast origin advances. The procedure described in this paper
to avoid systematic forecast failure is as follows.

1. Once a significant 1-step-ahead forecast error is detected,
add an impulse indicator acting as an IC to the model. The
IC ensures that the forecasting model is unchanged; hence,
it maintains the previous trend, so it will rapidly reveal
departures from any new upswing, and by an encompass-
ing test, it helps discriminate trend breaks from location
shifts, outliers, or measurement errors (the last 2 of which
impulse indicators can correct).
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2. After two (or perhaps three) large increasing same sign
1-step-ahead forecast errors have led to a significant se-
quence of ICs, a broken linear or log-linear trend can be es-
timated and tested for its adequacy by replacing the ICs, as
well as tested against step shifts and the alternative trend
formulation.

3. Despite being selected from just one to three observa-
tions, the new broken trends can continue to forecast
acceptably accurately further ahead until another trend
break occurs.

An application to the upsurge since 2021 in UK annual in-
flation illustrated this last possibility. The log level of the
monthly CPTH was modeled by first applying trend-indicator
saturation (TIS) at a 0.01% significance to an equation with
an intercept and linear trend fitted to the historical data from
2010(1) to 2021(3). One-step forecast errors in 2021(4) and
2021(5) produced significant ICs, which a log-linear trend
starting in 2021(3) replaced and could forecast accurately
five months ahead. Then 1-step forecast errors from another
break in 2021(8) were handled by a linear trend, forecasting
till 2022(3), when the energy crisis occurred, with large fore-
cast errors in 2022(4) and 2022(5). Replacing those with a log-
linear trend commencing in 2022(3) enabled 16-step-ahead
forecasting from 2022(5) to 2023(9) as annual inflation first
peaked and then fell. Modeling the final shift from 2023(10)
again proved usefully accurate till our sample end, including
“out-of-sample” to 2024(8) after annual inflation stabilized.
The 4 essentially unpredictable trend shifts are clearly visible
in Figure 10 and were followed by significant forecast errors,
but our approach experienced only seven large errors overall
by rapidly detecting breaks, rather than long periods of sys-
tematic forecast failure.

Such an approach can potentially quickly detect sudden in-
creases and “tipping points” at the start of their evolution, act-
ing both as an early-warning system and providing a glimpse of
the road ahead, albeit without knowing why nor when the next
failure will occur. If the model and data do not have a trend but
a new one commences after a break, a similar approach is effec-
tive, but now not including impulse indicators reveals the shift
more quickly because otherwise ICs can improve forecasts suf-
ficiently to hide the change. A forecasting agency could publish
the IC forecast but record the one without ICs and switch when
a new broken trend is detected.
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Endnotes
IStandard errors reported in parentheses.

2An equation standard error of 2.5% is similar to that for UK GDP.
Simulation results for alternative values of o, are available on request.

3The RMSFE scale in Figure 5 differs across break sizes to highlight
differences between models. MEs and results for a range of other break
sizes are available on request.

4Coefficient standard errors shown in parentheses, with heteroske-
dasticity and autocorrelation consistent standard errors (HACSEs) in
brackets, & is the residual standard deviation, F,, tests residual auto-
correlation (see Godfrey 1978), F,,, tests autoregressive conditional
heteroscedasticity (see Engle 1982), F,, tests residual heteroskedas-
ticity (see White 1980), ){i 4(2) tests non-normality (see Doornik and
Hansen 2008), F,. tests nonlinearity (see Ramsey 1969), and F.,
tests parameter constancy (see Chow 1960) over the forecast period.
One star indicates test significance at 5%, two at 1%.

5 After 3 broken trends to 2022(3), a forecaster might have reselected by
TIS, and the resulting model would have forecast slightly more accu-
rately than (10).
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