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Abstract
UK top income shares have varied hugely over the past
two centuries, ranging from more than 30% to less than
7% of pre-tax national income allocated to the top 1 per-
centile. We build a congruent dynamic linear regression
model of the top 1% income share allowing for economic,
political and social factors. Saturation estimation is used
to model outliers and trend breaks, proxying underlying
structural changes driving income inequality in the UK.
We use the model to forecast the top 1% income share
over the last 15 years, and compare to a range of fore-
cast devices. Despite a well-specified constant parameter
model conditioning on significant explanatory variables,
the best performing forecasts are obtained from a ran-
dom walk and a smoothed random walk. These results
are explained by the presence of shifts in the income
share over the forecast period, resulting in forecasts from
equilibrium correction models converging to the wrong
equilibrium. Our best prediction for 2026 based on the
most recent data from 2021 (a 5-year ahead projection)
is that the pre-tax top 1% income share will remain at
the most recent realized value of 12.7%, but there is a
large degree of uncertainty, with a 95% confidence band
ranging from 10% to 15.7%.

1 INTRODUCTION

This paper has two antecedents.
First, Sir Tony Atkinson, an LSE alumnus, was concerned about income and wealth distri-

butions throughout his career, and would surely have been pleased to include an insightful paper
in this centenary volume had he been alive. Atkinson and Piketty (2007, 2010) and Atkinson
et al. (2011) were all concerned with analysing top income shares and the inequalities that they
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1048 ECONOMICA

revealed, so remembering Tony, we apply recently developed tools to modelling and forecasting
the pre-tax UK top 1% income share. Tony was well aware of the complex determinants of top
income shares, which are affected differentially over time by wars, energy crises, pandemics, fiscal
and monetary policy, legislation, inheritance, demography and longevity, inter alia. Not only are
the impacts of these variables difficult to model empirically, many are harder to forecast than the
income shares themselves, so here we use data-based forecasting methods.1

Second, when he was at LSE, Hendry (1974) sought to understand the role of stochastic
specification relative to other aspects of model formulation. His empirical system comprised six
equations for consumers’ expenditure on durable goods (Cd), all other goods and services (Cn),
gross domestic fixed capital formation (I), inventory investment (Iv), and imports of goods and
services (M), closed by an empirical relation for disposable income (Yd). The system was acknowl-
edged to be naive, both to minimize the already large computational burden for the time, and
to focus attention on the stochastic properties of the error processes. The quarterly data sample
was from 1957Q(1) to 1967Q(4), of which the last two observations were used for a test of its
forecasts, which chanced to avoid the catastrophic forecast errors he later made for 1968Q(1) and
1968Q(2) (see Ericsson 2017). However, those later errors made him carefully analyse economic
forecasting, a topic that he has continued to research with several co-authors, including those for
this paper. The implications from five decades of research on modelling and forecasting facing
economic shifts are applied below.

In this analysis, we focus on one measure of inequality, namely the pre-tax national income
share allocated to the top 1 percentile of the UK population, recorded in Figure 1, although it
should be noted that there are many measures of inequality that could be considered alternatively;
see Hills et al. (2010) and Atkinson and Voitchovsky (2011). There are missing observations, with
symbols marking observed data points, and we interpolate using an unobserved components time
series model to infill missing data (Koopman et al. 2007). The data show periods of increasing
and decreasing inequality with some rapid trend changes, posing difficulties for forecasting the
future evolution of income inequality.
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F I G U R E 1 Top 1% share of pre-tax national income since 1820 for the UK. Notes: Square symbols represent
observed data, with interpolated data for missing observations in grey. Source: World Inequality Database, https://wid
.world (accessed 2 May 2024).
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F I G U R E 2 Distribution of top 1% share of pre-tax national income for the UK by sub-period.

Modelling and forecasting inequality data is difficult as it is wide-sense non-stationary,
namely from evolving stochastic trends and sudden distributional shifts such as those shown in
Figure 2. Problems are exacerbated by missing data, the latency in data provision, substantive
revisions and occasional changes to data measurement systems. Figure 2 records the distribution
of the top 1% income share by sub-periods, albeit using some interpolated data, which reveals
significant shifts over time, with no overlap between pre-1920 and the 1950–89 period. Much
forecasting theory implicitly assumes a stationary world, perhaps after differencing to remove
any unit roots, which is an invalid assumption for income inequality data and its determinants.
Hence we investigate forecasting methods that also allow for distributional shifts. Predicting
future trends in income inequality matters both for guiding redistributive policy and for potential
impacts on economic growth.2

There has been interest in forecasting income inequality trends stemming from Piketty (2014).
Hubmer et al. (2021) provide a theoretical framework to modelling wealth inequality in the
USA, motivating a range of potential drivers of inequality. Pierdzioch et al. (2022) look at
higher-frequency forecasting of UK income inequality, and do find some short-term predictabil-
ity in various inequality measures. Hood and Waters (2017) provide an example of scenario-based
forecasting of UK income inequality. Gindelsky (2018) uses an autoregressive-distributed lag
framework to select forecasting models of the US top income share, and finds that naive fore-
casting devices are hard to beat in terms of forecast performance. Blanchet et al. (2022) provide
high-frequency income distributions for the USA, but do not produce forecasts. The literature
producing medium-term ex ante econometric forecasts of top income shares is limited, and one
of the contributions of this paper is to rectify this for the UK.

Our objective is to investigate what forecasting methods are useful for such non-stationary
time series data with measurement errors and distributional shifts due to political, social, eco-
nomic and policy changes in an unknown data generating process (DGP). Despite a large body
of theory, economists have incomplete knowledge of the DGP driving income inequality, so must
search for reasonable empirical modelling approximations. We use automatic model selection
methods to build a conditional model of the top 1% UK income share, allowing for a range of
economic and political drivers, many of which are significant in explaining movements in income
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1050 ECONOMICA

inequality. The underlying DGP of the top income share is complex, so indicator saturation is
used to model distributional shifts as well as proxy omitted variables. Three significant trend
shifts are integral to the model (1998, 2000 and 2007). The model, estimated over 1975–2016,
is well specified and provides a coherent explanation of the data in-sample, but forecast fail-
ure over 2017–21 highlights the problems of forecasting income inequality. The best performing
forecasting model is a random walk, but there is a large degree of uncertainty in the forecasts.

A pseudo-out-of-sample forecasting exercise is used to evaluate forecast performance, com-
puting sequences of dynamic forecasts over 2002–21. The benchmark models considered include
univariate models that estimate either a stochastic or a time-varying deterministic trend. Gindel-
sky (2018) finds that naive forecasting models often outperform more complex models in the US
context, and our findings are similar for the UK. Although the in-sample performances of naive
models such as the random walk and smoothed random walk are worse than that of the condi-
tional model, their forecast performance dominates. The explanation for such a result is provided
in Section 2, which discusses the provable forecast theorems under wide-sense non-stationary
data. Conditional models require forecasts of all their constituent parts, adding considerable
additional forecast uncertainty when many of the explanatory variables are harder to forecast
than income inequality itself. This result explains why univariate models often dominate in
forecasting: system forecasting rarely pays unless variables have closely interacting feedbacks.
Furthermore, the extrapolated trend is crucial to forecast performance but is particularly diffi-
cult to predict at turning points. Robust forecast devices that are essentially agnostic as to the
direction of the trend then perform better. This is why a random walk can be hard to beat. Com-
prehensive conditional models are needed to understand the evolution of income inequality and
inform policy, but for forecasting, an alternative set of models is warranted.

The structure of the paper is as follows. Section 2 briefly reviews the provable the-
orems about forecasting in stationary processes, and contrasts those with what can be
established for wide-sense non-stationary data. Section 3 outlines approaches to address-
ing non-stationarity in the form of distributional shifts both in-sample using trend-indicator
saturation and out-of-sample through robustifying model-based forecasts. Section 4 applies
trend-indicator saturation to modelling the UK’s top 1% income share, before Section 5 con-
ducts a pseudo-out-of-sample forecasting exercise. The relative merits of modelling trend breaks
in-sample and robustifying forecasts out-of-sample are assessed, and we find that the ran-
dom walk and smoothed random walk forecasts dominate. To explain the forecasting evidence,
Section 6 relates these empirical results to the provable forecasting theorems for the wide-sense
non-stationary world described in Section 2. Section 7 concludes.3

2 FORECASTING LINEAR STATIONARY AND NON-STATIONARY
PROCESSES

A number of well-known theorems can be proved when forecasting future values of a strictly
stationary process; see, for example, Clements and Hendry (1998, 1999). Defining a causal model
as one that includes variables from the DGP, so its regressors are relevant, we summarize these
as follows.

(1) A model matching the DGP with known parameter values will dominate in forecasting.
(2) Adding further variables to the DGP model will not improve forecasts.
(3) Causal models will outperform non-causal models (i.e. models without any relevant vari-

ables).
(4) The conditional expectation of the future value delivers the minimum mean square forecast

error (MSFE) given the information used.
(5) Misspecified models (that omit relevant causal variables) will have higher forecast error

variances than correctly specified ones, but should forecast within their anticipated accuracy.
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(6) Long-run interval forecasts are bounded above by the unconditional variance of the
process.

(7) Neither parameter estimation uncertainty nor high multi-collinearity between included
variables greatly increases forecast error variances except in very small samples.

(8) Misspecification testing to develop congruent models can improve forecast performance.

When the model coincides with a constant mechanism, its causal information is always use-
ful, and produces better forecasts than non-causal information, so adding non-DGP variables
produces no improvement. However, including causally relevant information generally improves
forecasts when the model is misspecified, although misspecified, misestimated linear models with
residual autocorrelation can provide unbiased forecasts when the error process is symmetrically
distributed, as Hendry and Trivedi (1972) show in a Monte Carlo method using antithetic variates
(see, for example, Hammersley and Handscomb 1964).

An implication of these results is that forecast failure (where forecasts lie systematically out-
side their anticipated intervals) should not occur in stationary distributions (see, for example,
Miller 1978). Sadly, the historical track record of economic forecasting intermittently demon-
strates marked failures, often out-performed by ‘naive devices’ such as shown by Nelson (1972).
The explanation is that when variables to be forecast have location shifts and/or broken trends
both in-sample and out, then none of the results in (1)–(8) need hold, as can be established by
counterexamples leading to their converses, as follows for wide sense nonstationary processes.

(1a) A model of the DGP with known parameters in-sample need not dominate in forecasting.
(2a) Adding non-causal variables to the in-sample model can improve forecasts.
(3a) Non-causal models can outperform correct in-sample causal relationships.
(4a) Current conditional expectations of future values can be badly biased and not minimum

MSFE when outcomes are drawn from different distributions.
(5a) The correct estimated in-sample model can deliver worse forecasts than the average of

several misspecified predictors.
(6a) Long-run interval forecasts are potentially unbounded.
(7a) Parameter estimation uncertainty can substantively increase interval forecasts, as can

changes in correlations between conditioning variables at or near the forecast origin.
(8a) Misspecification testing to develop congruent models need not improve forecast perfor-

mance.

Stationarity is not a viable assumption in economics, so the implications in (1a)–(8a) are
far more realistic for forecasting. Facing a non-constant mechanism almost always creates a
misspecified model, in which case is a viable theory of economic forecasting possible? Despite
making the relatively weak assumptions that the economy is non-stationary from stochastic
trends and unanticipated structural breaks, forecasting from a model that differs from the DGP
in unknown ways (which would be corrected if known) and is selected and estimated from unreli-
able data, a theory can be formulated from which many useful insights can be derived; Clements
and Hendry (1998) do so based on a taxonomy of all forecast errors, and show that the theory
matches many features of real-world forecasting. These include explaining: why location shifts
(broken trends cumulate these) are the most pernicious source of forecast failure; why artificial
non-causal variables such as intercept corrections can improve forecasts; why differenced-data
predictors can outperform congruent in-sample theory-specified models; and hence why the best
forecasting model is not necessarily the best model on which to base policy. As most forecast-
ing models of levels are equilibrium correction, equilibrium-mean shifts are a common source
of systematic forecast failure, so cointegration is helpful in forecasting only if equilibrium means
remain constant.

 14680335, 2024, 363, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ecca.12533 by O

xford U
niversity, W

iley O
nline L

ibrary on [22/10/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://onlinelibrary.wiley.com/action/rightsLink?doi=10.1111%2Fecca.12533&mode=


1052 ECONOMICA

3 HANDLING TREND BREAKS AND SHIFTS IN INCOME
INEQUALITY DATA

One of the main objectives of inequality forecasts is to predict the direction of the trend—‘is
inequality likely to increase, decrease or remain stable?’—as this has significant implications from
both an economic and societal viewpoint, and will feed into policy decisions. As Figure 2 demon-
strates, distributional shifts are prevalent that will impact forecast performance. Furthermore,
shifts that initially occur out-of-sample later become in-sample, so need to be carefully modelled
for later forecasts. In this section, we discuss approaches to detect and model in-sample trend
breaks (Subsection 3.1) and then adapt the forecasts to possible breaks over an out-of-sample
period (Subsection 3.2).

3.1 Breaks in-sample

In-sample breaks can be either ignored or modelled. Forecast accuracy can improve by ignoring
sufficiently small structural breaks as the benefits of modelling breaks may be offset by the lack of
precision in post-break parameters along with uncertainty as to the exact break date; see Elliott
and Müller (2014). Boot and Pick (2020) propose a test to determine whether modelling a struc-
tural break improves forecast accuracy, given the bias variance trade-off. Furthermore, Pesaran
and Timmermann (2005) show that forecast errors can be unconditionally unbiased even in the
presence of breaks in the autoregressive coefficients as long as the unconditional mean of the
process remains unchanged, but as Hendry and Clements (2003) show, this requires offsetting
parameter shifts to hold the unconditional mean constant. Breaks in the in-sample trend growth
rate are particularly pernicious as misestimated forecast origin values will be extrapolated over
the forecast horizon. Therefore detecting and modelling broken trends in-sample is essential to
mitigate forecast failure by obtaining an unbiased estimate of the trend to be extrapolated at the
forecast origin, especially if no later shifts occur. As an example of how bad not doing so can
be, the Office of Budget Responsibility five-year-ahead forecasts of UK productivity had a root
mean square forecast error (RMSFE) of 7.8, overpredicting by roughly 8% every forecast for a
decade (see Martinez et al. 2022).

3.1.1 Trend-indicator saturation

Trend-indicator saturation (TIS) (see Castle et al. 2019) provides econometric technology to
detect and extract changing trends and use the most recent of these to forecast. It is an extension
of impulse indicator saturation (IIS) (see Hendry et al. 2008; Johansen and Nielsen 2009), which
is used to detect outliers. An impulse indicator 𝜄{t} takes value 1 for observation t, and 0 other-
wise, t = 1, … ,T . All T indicators are selected over using a multi-path search algorithm, with
impulse indicators retained at a chosen significance level.4

TIS ‘saturates’ a model of a variable yt (say) with T − 4 trend indicators, denoted 𝜏{t}, for t =
3, … ,T − 2, so we have time series 𝜏{3} = (−3,−2,−1, 0, … , 0), 𝜏{4} = (−4,−3,−2,−1, 0, … , 0),
and so on, where 𝜏{T} = (−T ,−(T − 1), … ,−3,−2,−1) replaces the usual full-sample trend
t by t − (T + 1). Advantages of this specific formulation are that any retained 𝜏{s} corre-
spond to the trends that would have been found by an earlier investigator using a sample
up to time s; and in the forecasting context, having obtained a congruent in-sample
empirical representation, these earlier 𝜏{s} play no further role. Differences between succes-
sive 𝜏{j} act as step changes, so the saturating set can characterize a range of aspects of
distributional shifts.
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For t ≤ T , a general trend specification with additional regressors zt (bold denotes a vector) is

yt = [𝛽0] + [𝛽1t] + [𝜷2zt] +
T−2∑

j=3

𝛽j𝜏{j} + 𝜀t, (1)

where 𝜀t ∼ IN[0, 𝜎2
𝜀
] denotes an independently distributed normal random variable with constant

mean zero and constant variance 𝜎2
𝜀

in-sample. As equation (1) has more than T regressors, it
cannot be estimated directly, hence a ‘machine-learning’ multi-path block search algorithm such
as Autometrics (Doornik 2009) with expanding and contracting phases is used to select indicators
that are significant at an appropriate level (say 𝛼 ≤ min(0.001, 1∕T)). Tight significance levels are
used, given the large number of indicators, but the intercept, trend and any other regressors in
equation (1) are retained without selection, shown by [⋅], called ‘fixed’ below (see Hendry and
Johansen 2015). Castle et al. (2019) and Castle and Hendry (2022) provide simulation evidence
on the selection performance of TIS under both the null hypothesis of no trend breaks and the
alternative of a trend shift, as well as when used for forecasting.

3.2 Breaks out-of-sample

Even if breaks in-sample have been handled to obtain a congruent model with unbiased parame-
ter estimates, breaks that occur over the forecast horizon will lead to poor forecasts. Unless such
breaks are predictable (Castle et al. (2011) discuss the huge information requirements), forecast-
ers will inevitably make large forecast errors. The approaches to forecasting breaks out-of-sample
fall into two categories. The first are non-linear models in which previous regimes could occur
again in the future, driven by exogenous variables, past dynamics or past probabilities of switching
regime. Such models include Markov switching models (see, for example, Boot and Pick 2018) and
threshold forecasting models (see, for example, Kapetanios 1999; Clements et al. 2004). Clements
and Krolzig (1998) consider both forms of non-linearity in a forecasting exercise, and find that
while forecasting within regimes is improved using non-linear models, predicting regime shifts
fares less well in terms of forecast accuracy. The second approach is to assume that structural
breaks shift not to a previously experienced regime, but to a new, unanticipated regime. In this
setting, non-linear models cannot inform future shifts. Instead, if breaks are unanticipated and
not predicted as they happen, then systematic forecast failure can still be mitigated. We adopt
the second approach here, using various robust devices that adapt rapidly to shifts, although
forecasting top income shares from non-linear models may warrant further research.

3.2.1 Smoothed robust devices

Once the data sample has extended to include breaks in trend that occurred over the forecast
period, there is a class of forecasting devices designed to avoid systematic forecast failure. In con-
trast to TIS, these robust methods do not aim to detect breaks, but following a break, rapidly
update estimates of the long-run mean and growth rate to avoid forecasts continuing to converge
to their pre-shift equilibrium means; see Martinez et al. (2022). The principle behind such a device
is to replace full-sample estimates of equilibrium means with subsample estimates after a break.
The robust device can be applied in levels if the process is assumed to be a first-order autoregres-
sion, denoted AR(1), or in differences if the process includes a full-sample deterministic trend,
where the differenced forecasts are then integrated to compare forecast accuracy in levels.

The random walk is a simple case of a robust device that uses the last in-sample observa-
tion as a single point estimate of the equilibrium mean. Robust devices augment this principle
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1054 ECONOMICA

by including point estimates of the growth rate via the difference of the dependent variable. The
problem with such a predictor is that parameter estimates can be erratic based on a single data
point. Smoothed robust devices use local estimators averaging over recent data near the fore-
cast origin to pin down estimates of the equilibrium mean and growth rate, thus avoiding any
breaks that contaminate the estimates earlier in the sample. Online Appendix I provides the for-
mal definition of the smoothed random walk (SRW) and smoothed robust (SRB) device used in
the empirical example.

3.2.2 Cardt: calibrated average of rho, delta and thima

One automated forecast device that we use is Cardt (see Castle et al. 2021), which stands for
calibrated average of rho (𝜌, an AR(1)), delta (𝛿, an AR(1) in differences) and thima (trend
halved integrated moving average). The device was developed for short-term forecasting, and
performed well in the M4 forecasting competition in which 100,000 different time series over a
range of frequencies had to be forecast; see Makridakis et al. (2020) and Doornik et al. (2020). It
was also one of the best predictors of deaths from Covid-19, outperforming relative to the Los
Alamos National Laboratory5 and the Institute for Health Metrics and Evaluation6 early in the
pandemic, when little was known about its evolution (see Doornik et al. 2021). The method
dampens trends and growth rates, averages across forecasts, and robustifies the forecasts to breaks
in the data by ‘overdifferencing’. It is particularly useful in avoiding explosive roots, and its
robustness properties to changing trends make it a useful benchmark to include in the empirical
analysis below.

4 MODELLING UK TOP INCOME SHARES

There is a large literature on changing trends in both income and wealth distributions (see, for
example, Roine and Waldenström 2015), which documents the myriad causal factors driving
the trend changes, which are also country-specific. The many potential drivers include techno-
logical change, trade and financial globalization, financial deepening, and changes in labour
market institutions and education, along with explicit redistributive policies; see Dabla-Norris
et al. (2015). More specific to the UK are household structures and the tax and benefits sys-
tem, although we analyse the pre-tax and benefit income data. As data on UK-specific structural
changes are limited over the long time series, we use saturation estimation to proxy underlying
structural changes. TIS will model economic and policy changes that shift income inequality in
the UK that are not captured by the conditioning variables. The approach ensures a statistically
adequate dynamic linear regression when there are latent or missing variables, and the break
dates can be interpreted ex post when they align with economic and policy shifts. This approach
has the advantage that it is generic and can therefore be applied to any country without specific
contextual knowledge.

Although our objective is not to find a causal model of income inequality but to provide use-
ful forecasts of the time series, we investigate relevant correlated factors, including economic and
political measures. For the economic measures, we include per capita GDP growth (Figure 3(a)),
real wage growth (Figure 3(b)), the average tax burden (Figure 3(c)), and inflation measured
by the implicit GDP deflator (Figure 3(d)). The average tax burden is included despite the
inequality measure based on the pre-tax income share as the tax burden can be thought of
as a proxy for the preferences of the state with regard to inequality. Five-year historical mov-
ing averages of the economic measures are also included (recorded in Figure 3) as inequality
may respond slowly to changes in macroeconomic conditions, and the smoothed time series
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F I G U R E 3 Per capita GDP growth, real wage growth, average tax burden and implicit GDP deflator.

are more efficient in capturing slowly evolving dynamics. That said, we allow for both effects
in selection.

We also consider globalization and government ideology factors. Figure 4(a) records the
KOF Globalisation Index7 measure for the UK; see Dreher et al. (2008) (Potrafke (2015) surveys
the literature that uses an early version of the KOF index (https://kof.ethz.ch/en/forecasts-and
-indicators/indicators/kof-globalisation-index.html). Figure 4(c) records 26 indices produced by
the Global State of Democracy (GSoD) Initiative8 for the UK, which include measures of the
degree of representation, rights, rule of law and participation. Given the range of GSoD indices,
the first four principal components are extracted (Figure 4(b)) and are included as a measure of
change in government and state ideology. The first four principal components explain 80% of the
variation across the indices, although the linear combination means that interpretation of any
retained principal components is difficult.

The general model specification allows for all the economic and political explanatory variables
along with any relevant dynamics. There are also likely to be outliers and trend breaks, possibly
due to measurement error but also because of omitted variables, either latent or for which data
are not available that are relevant in the DGP. Saturation estimators are included in the general
model to allow for such effects, ensuring a congruent model specification. We jointly apply IIS
to detect outliers and TIS to detect shifts in the trend rate of inequality that are not explained by
the economic and political variables. Our interest is in forecasting the top 1% income share, so
the analysis is undertaken at that level.

Building on equation (1), defining yt as the pre-tax income share allocated to the top 1
percentile in the UK at time t, the general model formulation is

yt = [𝛽0] + [𝛽1t] + 𝛽2yt−1 + 𝝀′zt +
T−2∑

j=3

𝛾j𝜏{j} +
T∑

j=1

𝛿j𝜄{j} + 𝜀t, (2)
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F I G U R E 4 Globalization and government ideology factors. Notes: (a) The KOF Globalisation Index for the UK.
(b) The first four principal components of the 26 GSoD Initiative indices for the UK. (c) The 26 GSoD Initiative
indices, with labels in (d). See https://www.idea.int/gsod/gsod (accessed 2 May 2024) for label definitions.

where 𝜀t ∼ IN[0, 𝜎2
𝜀
]. Here, zt includes GDP growth (Δgt−j), real wage growth (Δ(w − p)t−j), infla-

tion (Δpt−j) and contemporaneous values of their 5-year moving averages
(
Δ̃g

5yr
t , ̃Δ(w − p)

5yr
t ,

Δ̃p
5yr
t

)
, the average tax burden (Taxt−j), the change in the KOF Globalisation Index (ΔKOFGIt−j)

and the first four principal components of the GSoD indices (PCi,t−j), for i = 1, … , 4 and j = 0, 1.
Also, [⋅] denotes a fixed variable, so selection is not applied to the intercept and full-sample deter-
ministic trend.9 The retained 𝜏{j} measure subsample deviations from the ‘long-run’ trend t, which
in turn captures unexplained growth.

The general model has more variables (102) than observations (41 for 1976–2016). The
procedure to select a specific model from equation (2) proceeds as follows.

1. Fix all conditioning variables dated t and t − 1 in the model (only t dated moving averages of
the economic variables) along with the constant and trend, excluding yt−1 (imposing 𝛽2 = 0),
and apply IIS and TIS selection at 𝛼 = 0.1%.

2. Hold the constant and trend fixed, and apply selection at 𝛼 = 1% over the selected regressors
from step 1.

3. Add yt−1 to the selected model, and test for significance; if found, eliminate any resulting
insignificant variables.

The benefit of this procedure is that it avoids estimating a coefficient close to 1 on yt−1 at
the outset forcing a unit root, which would be a misspecified model but is robust to breaks in
trend. It is harder to detect changes in trend when the lagged dependent variable is included
because estimates of 𝛽2 are biased towards unity with unmodelled structural breaks. By allowing
for structural change initially, both deterministic and stochastic trends are feasible in the general
model.
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FORECASTING THE UK TOP 1% INCOME SHARE 1057

For the in-sample analysis, results are reported for the period 1976–2016, withholding 5
observations over 2017–21 for ex post out-of-sample forecasting. In the forecasting exercise in
Section 5, the estimation sample is expanded one observation at a time to undertake recursive
estimation and forecasting. Estimating the model recursively allows for breaks to be detected
after they have moved from the forecast period to the estimation sample, and it ensures that the
forecasts are not based on parameter estimates that would not have been feasible at the forecast
origin. Income inequality data are often subject to methodological changes and data revisions
that could result in model—as well as parameter—non-constancy. An advantage of our auto-
matic selection approach is that models can be updated rapidly as soon as new data arrive or
current data are revised, by not only re-estimating the model but re-selecting from equation (2).
Significant changes in model specification will point towards methodological changes.

The selected model (denoted general below) is10

ŷt =0.42
(0.044)

− 0.63
(0.071)

t − 0.13
(0.044)

Δ(w − p)t−1 − 0.67
(0.167)

̃Δ(w − p)
5yr
t − 0.22

(0.087)
Δ̃p

5yr
t

+ 0.31
(0.084)

ΔKOFGIt + 0.19
(0.068)

Taxt−1 − 0.53
(0.081)

PC1,t − 0.39
(0.120)

PC2,t−1

− 2.0
(0.34)

𝜄{2010} + 1.46
(0.26)

𝜏{1998} − 1.49
(0.27)

𝜏{2000} + 0.88
(0.07)

𝜏{2007}, (3)

with

𝜎 = 0.0029, R2
adj = 0.989, Far(2, 26) = 0.12, Farch(1, 39) = 0.39,

𝜒
2
nd(2) = 5.14, Fhet(22, 17) = 1.81, Freset(2, 36) = 9.11∗∗,

Fchow(5, 28) = 13.2∗∗, T = 1975–2016.

The equation standard error 0.0029 implies significant explanatory power given an uncon-
ditional standard deviation 0.028 over the in-sample period (where yt is the share, so lies in the
set [0, 1]). Excluding the impulse and trend indicators gives equation standard error 0.0081, so
the broken trend plays an important role that is not captured by the other variables included
in the model. The model passes all diagnostics apart from the RESET test of functional form,
and is well specified in-sample, although there is forecast failure in the out-of-sample period.
Figure 5 records the model fit along with diagnostic results. Given the importance of the moving
averages of inflation and real wages, we test whether non-linear functions—specifically quadratic
functions—of the 5-year moving averages of inflation, real wages and per capita GDP growth
are significant, but conclude that they do not play a role (F(3, 25) = 0.78, p-value 0.52), and this
agrees with the index test for non-linearity (Castle and Hendry 2010), which suggests that there
is no evidence of omitted non-linearity (F(22, 6) = 1.39, p-value 0.36).

Adding the lagged dependent variable to equation (3) gives p-value 0.62, so it is not significant.
Both economic and political variables play a role in explaining the 1% income share. In what
follows, we discuss the descriptive model but note that alternative distributional empirical models
would be needed to provide causal interpretations to the retained regressors.

Real-wage growth is an important factor, both in the previous year and over a smoother 5-year
average, where higher real-wage growth dampens down the share of income accruing to the top
1%, and the effects have been very stable over the last 40 years (Online Appendix III records the
recursive parameter estimates). Endogeneity of real-wage growth is avoided as it enters lagged
and backward smoothed, despite contemporaneous real-wage growth being included in the initial
set of possible regressors. Smoothed inflation is significant but with a counterintuitive sign. As
the inflation data are aggregated over all income distributions, it is interpreted as an aggregate
effect, and one explanation for the sign is that poorer households tend to be more indebted and
inflation reduces the real value of debt. The average tax burden is significant and enters positively.
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F I G U R E 5 Model fit and diagnostic results. Notes: (a) Model fit. (b) Residuals. (c) 1-step-ahead forecasts using
known values of the exogenous regressors, with forecasts setting the out-of-sample trend to 0 (dashed green line), and
in-sample fit with saturation up to 2021 (dashed pink line). (d) Residual density. (e) Residual autocorrelation function.
(f) Intercept adjustment from the retained impulse and trend saturation indicators, compared to intercept adjustment
applying saturation over full sample (1975–2021).

Political variables are also significant in the model. The first two principal components of the
GSoD Initiative account for over 65% of the variation in the indicators.

One impulse indicator (2010) and three trend breaks (1998, 2000 and 2007) are retained,
with their linear combination recorded in Figure 5(f), although we do not interpret the inter-
cept adjustment term causally as the saturation estimators can be proxying omitted variables or
unmodelled shifts. These play an important role, as without the trend breaks, the equation stan-
dard error is almost three times its magnitude with the indicators. However, the extrapolated
trend impacts on the forecasts. The model finds a downward shift in the trend of income inequal-
ity from 2007, with a blip in 2010. This is extrapolated into the forecast period, and results in
large positive forecast errors as income inequality flattens. If the trend was set to 0 at the forecast
origin, then the 1-step-ahead RMSFE, assuming known values of future variables, reduces from
2.6 to 0.7 over 2017–21 (dashed green forecasts in Figure 5(c)). Moreover, estimating the selected
model over the full sample 1975–2021 but re-selecting the saturation estimators results in a trend
break in 2010 rather than the impulse retained in equation (3) (Figure 5(f)). This trend flattens
the decline in inequality, and results in an in-sample root mean squared error over 2017–21 of
0.29 (Figure 5(c)). This trend break is crucial to the forecast evolution: assumptions about future
trends dominate forecast performance, as discussed in Section 5.

4.1 Benchmark models

Three benchmark models are considered for forecast comparison with equation (3), including:
Trend, which is a model with a constant and trend (no saturation or conditioning variables);
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FORECASTING THE UK TOP 1% INCOME SHARE 1059

sTIS, which applies saturation, fixing the constant and trend (no lagged regressand or condi-
tioning variables); and ArTIS, which fixes the constant, trend and lagged regressand (with no
conditioning variables).

Assuming a constant trend throughout the sample, denoted the Trend model, we have

ŷt = 0.017
(0.006)

+ 0.21
(0.014)

t, (4)

with

𝜎 = 0.0106, R2
adj = 0.86, Far(2, 38) = 35∗∗, Farch(1, 40) = 24∗∗,

𝜒
2
nd(2) = 0.13, Fhet(2, 39) = 8.2∗∗, Freset(2, 38) = 52∗∗,

Fchow(5, 40) = 3.7∗∗, T = 1975–2016.

The model exhibits a significant upward trend and fails most misspecification tests, making any
inference hazardous.

Next, we apply IIS and TIS saturation at 𝛼 = 0.1% with no lagged dependent variable or
conditioning regressors, denoted the sTIS model:

ŷt = 0.27
(0.05)

− 0.23
(0.087)

t + 0.54
(0.17)

𝜏{1992} + 0.41
(0.20)

𝜏{1995} + 0.17
(0.15)

𝜏{2004} + 0.34
(0.17)

𝜏{2009}, (5)

with

𝜎 = 0.0064, R2
adj = 0.95, Far(2, 34) = 4.97∗, Farch(1, 40) = 0.12,

𝜒
2
nd(2) = 0.07, Fhet(10, 31) = 1.0, Freset(2, 34) = 4.72∗,

Fchow(5, 36) = 0.71, T = 1975–2016.

Four trend breaks are retained with no impulse indicators, and the trend at the end of the sample
is falling, reversing the results of equation (4). The trend breaks do not coincide with those found
in the general model. The trend breaks found are likely to be reflecting breaks captured by the
other regressors in the general model equation (3). If we augment equation (5) with the trend
breaks detected in equation (3) over the full sample, then the forecasts are extremely accurate,
again driven by the trend break in 2010, shown by the dashed green lines in Figure 6, middle row.

The final univariate benchmark includes an autoregressive lag in the set of fixed regressors,
where selection over the impulses and trends is applied at 𝛼 = 0.1%, denoted ArTIS:

ŷt = 0.003
(0.003)

+ 0.023
(0.020)

t + 0.90
(0.086)

yt−1 − 2.08
(0.56)

𝜄{2010}, (6)

with

𝜎 = 0.0054, R2
adj = 0.965, Far(2, 36) = 0.53, Farch(1, 40) = 0.006,

𝜒
2
nd(2) = 3.09, Fhet(4, 36) = 2.69∗, Freset(2, 36) = 2.90,

Fchow(5, 38) = 1.01, T = 1975–2016.

Just one impulse indicator is retained, so the lagged dependent variable is capturing the changing
trends, giving an estimate of 𝛽2 close to unity. The resulting estimate for the long run of 0.23 =
0.023∕(1 − 0.9) for the full sample trend is the same as the sTIS model.

Figure 6 illustrates the in-sample results for equations (4), (5) and (6). Panels (i), (iv) and (vii)
record the fitted values and outcomes, with panels (ii), (v) and (viii) recording the residuals
and forecast errors. Panels (iii), (vi) and (ix) report the indicator trajectories of the models
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F I G U R E 6 In-sample results. Notes: Top row for model equation (4), middle row for model equation (5), bottom
row for model equation (6), for 1% top income shares for the UK. (i), (iv), (vii) show fitted values and outcomes;
(ii), (v), (viii) show residuals scaled by the estimated equation standard error; and (iii), (vi), (ix) show indicator
trajectories of the models.

that drive the forecast performance. The models differ significantly in their economic interpre-
tation; not handling trend breaks gives a very different interpretation of the second half of
the data. Saturation without the lagged regressand suggests that income inequality has flat-
tened or been falling since 2008, whereas ignoring the breaks or using the lagged regressand
to capture the shifts suggests that inequality is still rising over the 2010s. Omitting relevant
variables results in trend breaks that proxy shifts in those variables. Including the breaks
retained from the general model with conditioning variables results in a more accurate esti-
mate of the underlying trend in the data, as can be seen by the dashed green lines in panels
(iv), (v) and (vi).

The in-sample analysis emphasizes that all formulations are characterized by many chang-
ing trends. If the objective is forecasting, then all specifications will give substantially different
extrapolations of the trend over the forecast horizon. Pinning down the correct trend estimate at
the forecast origin is crucial to obtaining helpful forecasts of income inequality, which Section 5
considers.

5 ALTERNATIVE FORECASTS OF TOP INCOME SHARES

A recursive forecasting exercise is undertaken, where all models are estimated from an in-sample
period, t = 1975, … ,Tj, holding back the final 18 years of observations from the available
data. A sequence of 14 multi-step forecasts for h = 1, … , 5 years ahead are produced for
Tj = 2002, … , 2015, using recursive selection and re-estimation at each step from the fore-
cast origin, so there is no knowledge of the data in the out-of-sample period for each
recursion.
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FORECASTING THE UK TOP 1% INCOME SHARE 1061

In the in-sample exercise above, there are significant trend shifts, so given that such breaks
occur in-sample, it is highly likely that breaks will also happen in the future, which means that any
forecasting models that are not robust after trend breaks out-of-sample will be unlikely to forecast
well. Hence we compare standard forecasting models to a suite of devices that are designed to be
robust after breaks have occurred. We undertake recursive forecasting to evaluate whether trend
breaks can be rapidly detected and allowed for when forecasting.

The general model selected from equation (2) is an open model that includes contemporane-
ous conditioning regressors. Dynamic ex ante forecasts for the general model are produced by
a two-step procedure, first producing offline forecasts for the conditioning variables, and then
using these forecasts in the dynamic projections of income inequality. Forecasts of the condition-
ing variables are generated using three vector autoregression (VAR) specifications but allowing
for outliers and breaks using IIS:

zk,t = 𝜸 + Azk,t−1 +
T∑

j=1

𝜹j𝜄{j} + 𝝂k,t, (7)

for t = 1975, … ,Tj, where zk,t is one of three sets of regressors, including

z1 = (Δg,Δ(w − p),Δp,Tax)′,

z2 =
(
Δ̃g

5yr
,
̃Δ(w − p)

5yr
, Δ̃p

5yr)′
,

z3 = (ΔKOFGI,PC1,PC2,PC3,PC4)′.

Selection is applied at the 1% significance level (longer lags were considered, but one lag was suf-
ficient to account for serial correlation in all cases). Recursive dynamic 1-step- to 5-step-ahead
forecasts are produced for all conditioning regressors, which are then plugged in to the recursively
selected and estimated general model to produce ex ante forecasts. Alternatively, the contempo-
raneous regressors could be excluded to close the system for 1-step-ahead forecasts; see Hendry
and Mizon (2012) for a discussion of the potential benefits and drawbacks of open models.

A range of forecasting models is considered to provide benchmarks against the general model
with the aim of establishing where the gains from addressing non-stationarities in the form of
changing trends arise, including the following.

(i) A dynamic single-equation model allowing for explanatory variables, outliers, and breaks
in trend (and possible non-linearities) using automatic model selection, producing ex ante
forecasts using offline forecasts of retained regressors, denoted general (see equation (3) for
the final recursion).

(ii) An autoregressive model with constant, denoted AR(1), often used as a standard bench-
mark.

(iii) A deterministic trend model, denoted Trend (see equation (4) for the final recursion).
(iv) TIS and IIS with the constant and an overall trend fixed, selecting significant indicators at

𝛼 = 0.1%, denoted sTIS (see equation (5) for the final recursion). The forecasts are computed
over h = 1, … ,H horizons as

ŷT+h|T = 𝛽0 + 𝛽1(T + h) (8)

as the indicators and broken trends end before the forecast horizon. Hence the purpose of
TIS is to obtain the most accurate estimates of 𝛽0 and 𝛽1 in-sample for forecast performance.
Also, sTIS smoothed is computed by estimating sTIS over t = 1, … ,T − j for j = 0, … , 5,
producing the forecasts over T + 1, … ,T +H for each model, and taking the average of the
six resulting forecasts.
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1062 ECONOMICA

T A B L E 1 1- to 5-year-ahead RMSFEs for UK top 1% income shares.

General AR(1) Trend sTIS ArTIS Cardt RW SRW SRB Ave

1-step 1.58 0.91 1.56 1.57 1.29 0.91 0.88 0.88 1.00 0.90

2-step 1.91 1.13 1.77 2.15 2.20 1.07 1.02 1.01 1.33 1.15

3-step 1.96 1.54 2.03 2.80 3.57 1.39 1.27 1.26 1.90 1.52

4-step 2.22 1.76 2.24 3.27 5.09 1.45 1.24 1.25 2.21 1.70

5-step 2.47 2.09 2.46 3.69 7.33 1.58 1.23 1.29 2.63 2.07

All steps 2.05 1.55 2.04 2.80 4.45 1.30 1.14 1.15 1.91 1.52

Notes: Forecasts from in-sample period 1975–2002 up to 1975–2016, with RMSFE over all horizons. Bold denotes smallest, and italic
denotes largest.

(v) TIS and IIS with the constant, an overall trend and lagged regressand fixed, selecting signif-
icant indicators at 𝛼 = 0.01%, denoted ArTIS (see equation (6) for the final recursion). The
forecasts are computed as

ŷT+h|T =
𝛽0(1 − 𝛽h

2 )

1 − 𝛽2

(1 + h) + 𝛽1

h−1∑

j=0

𝛽
j
2(T + h − j) + (𝛽2)hyT . (9)

(vi) Cardt forecasts (see Subsection 3.2.2), denoted Cardt.
(vii) A random walk ŷT+h|T = yT , denoted RW .

(viii) A smoothed random walk in levels based on a window of n = 5 observations, denoted SRW
(details in Online Appendix I).

(ix) A smoothed robust predictor in levels based on a window of n = 5 observations, denoted
SRB (details in Online Appendix I).

(x) The equally weighted average of all forecasts (i)–(ix), denoted Ave.

5.1 Forecast results

Table 1 records the RMSFEs for the forecasting models over the five forecast horizons, with each
cell consisting of an average of fifteen recursive forecasts, along with the average RMSFE across
all forecast horizons (‘All steps’), and Table 2 records the equivalent mean absolute errors (MAEs)
along with maximum absolute errors in parentheses.

There is a clear ranking across all forecast horizons, with the random walk or smoothed ran-
dom walk producing the most accurate forecasts, and the univariate models with trend saturation
producing the poorest forecasts. In almost all cases, the calculated RMSFEs increase as the hori-
zon increases as expected, indicating that producing longer-term forecasts is difficult given the
uncertainty over the trend and the cumulating errors. However, the 5-step-ahead forecasts from
RW and SRW are smaller than the 1-step from the general model. Figure 7 records the fore-
cast paths for the 1-step-ahead forecasts (Figure 7(a)) and 5-step-ahead forecasts (Figure 7(b))
comparing the RW and general models. There is a systematic upward bias in the general model
forecasts; intercept correction was applied to the forecasts from the general model but did not
yield a significant forecast improvement.

Table 3 reports the proportion of forecasts in which the predicted sign change is the same as
the actual sign change.11 Model RW is not included in the table as the forecast is a no-change
prediction. The sign predictions tend to be worse at longer horizons, but across all models, the sign
is predicted correctly only approximately 50% of the time, reflecting the difficulty of inequality
forecasting.
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Top 1% income share 
RW 1-step forecasts 
General model 1-step forecasts 
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F I G U R E 7 Forecast paths. Notes: (a) 1-step-ahead and (b) 5-step-ahead forecasts for the general model and the
RW model, recorded with the top 1% income share for the UK.

T A B L E 3 Proportion of forecasts in which the predicted sign change is the same as the actual sign change for UK
top 1% income shares.

General AR(1) Trend sTIS ArTIS Cardt SRW SRB Ave

1-step 0.60 0.60 0.60 0.53 0.40 0.47 0.67 0.53 0.60

2-step 0.60 0.60 0.60 0.47 0.53 0.47 0.80 0.40 0.60

3-step 0.60 0.53 0.67 0.27 0.47 0.33 0.60 0.33 0.47

4-step 0.40 0.40 0.53 0.27 0.33 0.27 0.60 0.47 0.33

5-step 0.47 0.47 0.47 0.33 0.40 0.33 0.67 0.40 0.33

All steps 0.53 0.52 0.57 0.37 0.43 0.37 0.67 0.43 0.47

The general model is significantly worse than the random walk and its variant, so including
relevant explanatory variables need not lead to improved forecast performance. There are two
explanations for this result.

First, explanatory variables must be forecast, which introduces additional forecast uncer-
tainty. Table 4 records the forecast performance of the explanatory variables based on the three
VAR specifications (see Online Appendix II for the full sample estimates). While some variables
are forecastable in that their RMSFE is smaller than the in-sample equation standard error (𝜎),
others are particularly difficult to forecast.12

Second, estimation of the trend extrapolated into the forecast period can introduce further
uncertainty if the trend is estimated imprecisely. The forecast period commences in 2003, so the
break in 2007 and the outlier in 2010 identified in equation (3) occur during the out-of-sample
forecast period. If we consider the dynamic forecasts between 2007 and 2012, when identifying
these breaks is particularly difficult, then the average RMSFE across all horizons is 2.9 compared
to 1.5 for the forecasts over the earlier and later periods combined. Figure 8(a) demonstrates the
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FORECASTING THE UK TOP 1% INCOME SHARE 1065

T A B L E 4 1- to 5-year-ahead RMSFE for forecasts for conditioning variables in the general model.

𝜎 RMSFE

(1975–2002) 1-step 2-step 3-step 4-step 5-step Ave

Δg 1.55 2.40 2.03 2.14 3.97 5.00 3.36

Δp 1.47 1.05 1.04 1.05 1.27 1.33 1.17

Δ(w − p) 1.39 1.77 1.73 1.77 2.27 2.83 2.14

Δ̃g
5yr

0.34 0.53 0.83 1.08 1.24 1.51 1.10

Δ̃p
5yr

0.62 1.57 2.19 3.01 3.70 4.33 3.16

̃Δ(w − p)
5yr

0.26 0.38 0.71 1.03 1.18 1.40 1.02

Tax 0.98 0.70 0.60 0.61 0.59 0.65 0.64

ΔKOFGI 0.63 0.75 0.90 0.88 1.01 1.16 0.96

PC1 0.46 0.86 1.01 0.90 0.89 1.03 0.95

PC2 0.49 0.77 0.83 0.84 0.98 1.15 0.94

PC3 0.57 0.74 0.84 1.18 1.27 1.29 1.10

PC4 0.55 0.85 0.95 1.15 1.65 2.06 1.43

Notes: Forecasts from in-sample period 1975–2002 up to 1975–2016, along with average over all forecast horizons and in-sample
equation standard error (𝜎) for comparison. First six rows are all ×100.

larger forecast errors over 2010–12 for the general model by recording the 1-step-ahead squared
forecast errors compared to the random walk. The general model also has larger forecast errors
over 2003–4 as the break in trend in 2000 is imprecisely estimated with just a couple of in-sample
observations. Trend uncertainty dominates forecast performance, and the random walk essen-
tially takes an agnostic view of the direction of the trend, which is advantageous over periods of
uncertainty.

Saturation can lead to wild forecasts by extrapolating imprecisely estimated trends when the
forecast origin is close to a turning point in the data. When trends are uncertain, there is a benefit
to dampening trends close to the forecast origin. One method of implementing this is recorded
in Figure 8(b) for the 5-step-ahead forecasts, where the smoothed sTIS forecasts are computed
by applying saturation to the in-sample observations over t = 1, … ,T − j, where j = 0, … , 5.
These models are then used to forecast over T + 1, … ,T +H, and the resulting forecasts are
averaged using an equal weighting. Such smoothing results in a reduction in RMSFE from 2.80
to 1.97. While robust devices still dominate in forecast performance, such dampening approaches
can yield significant benefits over using a model selected and estimated over t = 1, … ,T for
forecasting.

Including an autoregressive term in the trend saturation model leads to more variable fore-
casts, which can occur for two reasons. First, the ArTIS model can result in a coefficient estimate
greater than 1 on the lagged regressand unless constrained optimization is used. In practice, to
avoid such outcomes once the indicators are retained, the lagged regressand could be constrained
to 1 or less than 1, possibly with a further round of selection over the indicators. Cardt auto-
matically dampens any estimated explosive roots. Second, if impulse indicators are retained at
the forecast origin, then they can obscure the correct trend, resulting in systematically biased
forecasts. In practical applications, the decision as to whether to retain an impulse indicator at
the forecast origin will depend on whether the forecaster thinks the last observation is an outlier
due to measurement error (in which case it is a sensible forecast strategy) or due to a struc-
tural change that is likely to persist over the forecast horizon (where the indicator should not be
present in the forecasting model). A forecast model using just TIS and not IIS would provide a
more accurate estimate of the in-sample trend, but is a less parsimonious way to model outliers
in the data.
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General model 1-step squared forecast errors
RW model 1-step squared forecast errors 
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(a)General model 1-step squared forecast errors
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1990 1995 2000 2005 2010 2015 2020

0.100

0.125

0.150

0.175

sTIS RMSFE = 2.80
sTIS smoothed RMSFE = 1.97

(b)

forecast
origin

Top 1% income share 
sTIS 5-step forecasts 
sTIS smoothed 5-step forecasts 

F I G U R E 8 Estimation of trends. Notes: (a) 1-step-ahead squared forecast errors for the general model and the
RW model. (b) 5-step-ahead dynamic forecasts for sTIS (dashed blue line) recorded against smoothed sTIS forecasts
(dotted green line).

Many of the forecasts illustrate a typical ‘hedgehog’ pattern, with forecasts deviating sys-
tematically from the outturns in the same direction; Figure 9(a) records the forecast paths for
the general model, and Figure 9(b) for the 2-year-ahead consensus forecasts for the sterling
effective exchange rate (from Nickell 2009). This feature derives from the forecasting models
being equilibrium-correction specifications, where the pre-forecast-origin mean differs from the
forecast-period outcomes, yet models keep predicting back to the old equilibrium. Not doing this
is why the random walk and its variants dominate in forecasting performance, which matches
the empirical findings of Meese and Rogoff (1983). Figure 9(b) reflects this result: the RW would
have been no better than the consensus forecast from 1995 to 1997, but after, it is far better
as it is able to adjust rapidly to the shift in equilibrium, whereas the consensus does not. Ran-
dom walks were known to be applicable for speculative markets since Bachelier (1900), and were
shown by Nelson (1972) to work empirically in more general settings. Hendry (2006) establishes
the explanation for this performance: not only are random walks able to adapt rapidly to shifts in
equilibrium, but the lagged dependent variable is the DGP, albeit lagged one period, which con-
tains everything needed for forecasting. The two drawbacks are that it also contains the lagged
error term, so it is a noisy measure and does not anticipate breaks, but as the random walk con-
tains all explanatory variables relevant to the top 1% income share without the need to forecast
those variables, it is unsurprising that it forecasts better.

TIS is designed for modelling in-sample shifts but does not help when there are trend breaks
in the forecast period. Dampening, which is what the robust devices achieve, helps in these set-
tings. The models that capture in-sample trends in the data are not the best forecasting models,
reinforcing the result in Castle and Hendry (2011) that models should not be judged on their
forecast performance, and highlighting the disconnect between well-specified models in-sample
and the forecast performance of models out-of-sample.

As RW dominates at the 5-year horizon, we make projections for 2026 using a random walk
and compare to the general model; see Figure 10. The central projection for the random walk
is 12.7%. As the residuals from this model are not independent and identically distributed, the
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Top 1% income share 
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F I G U R E 9 More forecast paths. Notes: (a) Sequences of 1-step-ahead to 5-step-ahead dynamic forecasts of top
1% income share from the general model. (b) 2-year-ahead consensus forecasts of the sterling effective exchange rate.

forecast standard errors are not informative but are likely larger than the historical range of the
data since 1995. Conversely, the general model predicts a small decline in inequality to 11.8% in
2026, with uncertainty bands from 10.8% to 12.8%.

5.2 Other country results

Table 5 reports average RMSFEs and mean forecast errors (MFEs) for a range of countries using
the univariate models. There is no systematic dominance of any forecasting method. RW and
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F I G U R E 10 Forecasts to 2026 for the general and RW models.

SRW deliver the best forecast results for the majority of countries, but sTIS performs best for
the USA. Applying TIS at 0.1% to the USA top 1% income share over the period 1920–2016
results in 10 trend breaks (1923, 1926, 1929, 1931, 1936, 1942, 1945, 1947, 1978, 1998), with the
most recent break in 1998. Given the time between the last break date and the forecast origin,
the estimate of the trend is precise (with standard error 0.0002). Furthermore, there are no trend
breaks over the forecast period. In cases where there are no trend breaks near the forecast origin
or over the forecast horizon, we would expect methods that approximate the trend to forecast
well.

6 DISCUSSION

We explain the results of the forecasting exercise for top income shares in the UK using the eight
forecasting theorems when stationarity is relaxed in Section 2.

(1a) A model of the DGP with known parameters in-sample need not dominate in forecasting.
Although the general forecasting model uses estimated rather than known parameters, it is
designed to approximate the unknown DGP as a congruent specification. However, it does
not dominate in forecasting because all the variables need to be forecast adding to uncer-
tainty, and their distributions need not stay constant between the in-sample and forecast
periods. In particular, changes in trend at the forecast origin can lead to poor forecasts.
Furthermore, the conditional model is an approximation to the DGP but is not a facsimile,
and this can introduce additional uncertainty that affects forecast performance.

(2a) Adding non-causal variables to the in-sample model can improve forecasts. The general model
does not find the lagged dependent variable to be significant in the model, but instead all of
the inertia is explained by exogenous variables. However, RW and SRW, both of which are
functions of the lagged dependent variable, dominate in the forecasting exercise. Replacing
the end-of-sample trend with the lagged dependent variable in which its coefficient is forced
to be unity—that is, adding a random walk component to the general model—worsens
in-sample fit but improves the forecast performance.
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T A B L E 5 Average RMSFEs and MFEs across 1- to 5-year-ahead horizons for top 1% income shares.

AR(1) sTIS ArTIS RW SRW SRB Ave

Average RMSFE across horizons

USA 1.22 1.00 1.10 1.06 1.02 1.25 1.09

Canada 1.52 2.48 2.87 1.50 1.44 2.05 1.71

Japan 0.68 1.74 0.74 0.68 0.67 1.05 0.80

France 0.61 1.26 0.79 0.66 0.65 0.81 0.70

Australia 0.75 0.94 0.84 0.72 0.67 0.91 0.76

Germany 3.34 2.86 1.47 1.66 4.00 3.32 3.64

Netherlands 6.57 2.05 2.65 0.60 0.67 0.61 0.63

New Zealand 0.73 1.10 0.96 0.75 0.68 0.66 0.66

Switzerland 1.02 1.11 1.37 0.72 0.86 0.86 0.86

Sweden 1.11 3.95 5.95 1.45 0.84 0.86 0.85

UK 1.55 2.80 4.45 1.14 1.15 1.91 1.52

Average MFE across horizons

USA 1.80 0.10 1.85 1.57 1.50 1.43 1.46

Canada 2.02 0.12 1.46 1.67 1.66 0.97 1.31

Japan 1.55 1.25 1.69 1.44 1.52 0.77 1.14

France 0.93 −0.49 0.05 0.87 0.83 0.78 0.81

Australia 0.41 −0.59 −0.06 0.17 0.20 −0.04 0.08

Germany −3.20 1.25 0.69 0.73 3.21 2.38 2.80

Netherlands −6.55 1.52 2.62 0.07 0.28 0.10 0.19

New Zealand 0.57 −0.79 −0.68 −0.19 −0.26 −0.12 −0.19

Switzerland 0.16 −0.09 0.59 −0.27 −0.02 −0.03 −0.03

Sweden 0.81 0.24 1.69 −0.17 0.18 0.15 0.17

UK -0.62 −1.10 −0.86 0.01 −0.04 −0.25 0.28

Notes: Forecasts from in-sample period 1921–2002 up to 1921–2016. Bold denotes smallest RMSFE, italic denotes largest (%).

(3a) Non-causal models can outperform correct in-sample causal relationships. This holds as the
random walk and its variant produce better forecasts than the general model.

(4a) Current conditional expectations of future values can be badly biased and not minimum MSFE
when outcomes are drawn from different distributions. Figure 2 shows how the distribution
of the top 1% income share has shifted over time. Without modelling these changes, the
conditional expectation of the top income share would be biased, as can be seen in the
top row of Figure 6, which assumes a constant trend over the in-sample period. Hence if
distributions shift in the forecast period, then the conditional expectation calculated over
the in-sample period will be biased and will not deliver minimum MSFE forecasts.

(5a) The correct estimated in-sample model can deliver worse forecasts than the average of several
misspecified predictors. The equally weighted average forecast has a smaller RMSFE and
MAE than the general model at all forecast horizons.

(6a) Long-run interval forecasts are potentially unbounded. Uncertainty bands increase dramat-
ically, particularly for the ArTIS forecasts. For the forecasts to 2026, the difference in
calculated error bands between the general model forecasts and the RW forecasts is stark.
The assumption of stochastic unit roots has a significant effect on the interval forecasts,
but even absent unit roots, distributional shifts will lead to larger interval forecasts. To cor-
rectly reflect future uncertainty, these should be calculated from the in-sample standard
error when saturation estimators are excluded.
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(7a) Parameter estimation uncertainty can substantively increase interval forecasts, as can changes
in correlations between conditioning variables at or near the forecast origin. We do not address
this directly (for an analysis, see Castle et al. 2010), although cases in which explosive roots
were estimated caused severe forecast failure.

(8a) Misspecification testing to develop congruent models need not improve forecast performance.
The automatic model selection algorithm applied to select the general model requires a
congruent model specification. Diagnostic testing is undertaken at the outset (if feasible,
i.e. fewer variables than observations), and reductions are not applied if a misspecification
test is rejected at a specified significance level. Despite ensuring that general is well specified
in-sample, it did not dominate in the forecasting exercise, whereas the robust devices all
failed some misspecification tests but produced more accurate forecasts.

The forecast exercise established that breaks in trend are pervasive and need to be modelled
in-sample to avoid biased parameter estimates; our method for doing so treated break dates and
magnitudes as unknown, estimating them using TIS without imposing prior notions about their
existence or timing. However, such methods lead to increased uncertainty at turning points in
the data, and can lead to erratic forecasts if the trend changes at or close to the forecast origin.
During these periods, robust methods that are agnostic about the direction of the trend, namely
the random walk and smoothed random work, are preferable.

7 CONCLUSIONS

A well-specified constant parameter model of the top 1% pre-tax income share in the UK is built
in which economic and political variables are significant. Variables including real wage growth,
inflation and the average tax burden, along with institutional factors such as the degree of global-
ization and the state of democracy, are statistically significant in the model. The analysis focuses
on aggregate factors rather than distributional changes to help to identify underlying trend breaks
in income inequality, which points to rising inequality over the 30 years from the 1980s, with a
decline in inequality over the financial crisis period, before flatlining since the 2010s.

Saturation estimators allow for changing trends in the data that are not explained by the
conditioning variables. The advantage of such an approach is that a congruent approximation
to the DGP can be found while allowing for omitted, possibly latent, variables, measurement
errors and definitional changes, and exogenous shocks. Automatic model selection allows for
rapid updating as the data accrue and change, resulting in a learning algorithm. That said, the
selected model demonstrates remarkable stability over the last 45 years, which means that policy
implications can be drawn from the economic and political variables found to be significant.

A pseudo-out-of-sample forecasting exercise finds that the well-specified constant parameter
model does not forecast as well as the random walk and its smoothed variant. This result is also
borne out in the international comparisons (for univariate models) in which the random walk and
the smoothed random walk mostly outperform the other forecasting devices. The counterexample
of the USA indicates that the random walk does well when there are breaks in the underlying
trend; if the trend is constant over the forecast period, then alternative forecasting devices that
have smaller error variances can outperform. This result is due to the facts that (a) the random
walk does not have an embedded constant equilibrium so can adapt rapidly to distributional
shifts, and (b) the random walk contains the DGP and hence all conditioning variables without
needing to estimate and forecast them. The drawback of the additional lagged error term results
in more variable but unbiased forecasts.

Our results highlight the difficulties in producing medium-term forecasts of income inequal-
ity, and may point towards the dearth of ex ante forecasts in the literature. Confirming these
results on a range of income deciles is left for future research. There is a disconnect between
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well-specified models in-sample and the forecast performance of models out-of-sample. Locat-
ing breaks and trend shifts is essential for building congruent economic models in order to
understand the development of inequality. Forecasting trends in inequality is important to
guide future economic policy, but is fraught with difficulties given the non-stationarities that
will almost certainly occur over future forecast periods. However, based on our results that
robust predictors deliver more accurate forecasts of income inequality, we project that the
UK top 1% income share will be approximately 12.7% in 2026, but with wide estimated
uncertainty bands.

Forecasting theorems that embed stationarity assumptions provide cold comfort when under-
taking practical forecasting for non-stationary data. Stochastic trends (dynamic unit roots) alone
would not result in the frequent systematic forecast failure seen in economic forecasting, as
growth rates would be stationary. The more problematic form of non-stationarity is distribu-
tional shifts, particularly in the form of equilibrium-mean or trend breaks. A future area of
research is to develop ways of using TIS robustly out-of-sample. TIS is crucial for developing
congruent constant-parameter models in-sample for wide-sense non-stationary data, but can be
costly out-of-sample, so allowing for flexible dampened trends over the forecast period could
be fruitful.
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ENDNOTES
1 All calculations and graphs use PcGive and OxMetrics.
2 The theoretical literature on the effects of income inequality on economic growth is inconclusive, but Cingano (2014)

finds that income inequality has a statistically significant negative impact on growth, with redistributive policies
towards reducing income inequality having no adverse growth consequences.

3 All results are obtained using OxMetrics version 9; see Doornik (2022) and Doornik and Hendry (2021).
4 There are five indicator saturation estimators (ISEs): IIS for modelling outliers; step (SIS) for modelling location shifts

(see Castle et al. 2015); trend (TIS) for modelling trend shifts, with an application in Walker et al. (2019); multiplicative
(MIS) for modelling parameter changes (see Castle et al. 2020); and ‘designed’ (DIS) for modelling repeating data shift
patterns, such as the impacts of volcanic eruptions on temperatures (see Pretis et al. 2016). Combinations of these are
also used (see, for example, Ericsson and Reisman 2012). Software to implement ISEs is available in Autometrics, part
of PcGive (see Doornik 2009), as gets in R (see Pretis et al. 2018), and in EViews (see https://eviews.com/help/helpintro
.html#page/content/Regress2-Indicator_Saturation.html, accessed 1 May 2024).

5 See https://covid-19.bsvgateway.org (accessed 1 May 2024).
6 See https://www.healthdata.org (accessed 1 May 2024).
7 See https://kof.ethz.ch/en/forecasts-and-indicators/indicators/kof-globalisation-index.html (accessed 2 May 2024).
8 See https://www.idea.int/gsod/gsod (accessed 2 May 2024).
9 We also considered the logistic transformation of yt as the income share has support on [0, 1], but the transformation

is highly correlated with yt so the results are very similar.
10 All coefficients and parameter standard errors are multiplied by 100, apart from the constant, real wage growth and

the moving averages of real wage growth and inflation. Lower-case represents logs. Coefficient standard errors are
shown in parentheses, 𝜎 is the residual standard deviation, Far tests for residual autocorrelation (see Godfrey 1978),
Farch tests for autoregressive conditional heteroscedasticity (see Engle 1982), Fhet tests for residual heteroscedasticity
(see White 1980), 𝜒2

nd (2) tests for non-normality (see Doornik and Hansen 2008), Freset tests non-linearity (see
Ramsey 1969), and Fchow tests for parameter constancy (see Chow 1960). For tests, *, ** indicate significance at 5%,
1%, respectively.

11 For example, for the 5-step-ahead forecast from a forecast origin 2002, the forecast was 16.7% for the general model.
The actual level of inequality rose from 12% in 2002 to 14.69% in 2007, so the 5-year actual change was positive, as
was the forecast.

12 For example, GDP growth per capita has large and increasing forecast errors relative to the in-sample fit, partly but not
fully due to the rapid fall in GDP during the Covid-19 pandemic, which rebounded the following year. Forecasts from
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smoothed GDP per capita also demonstrate the difficulty in forecasting this variable. As the variable is not retained
in equation (3), its role is limited to forecasting the other relevant macroeconomic regressors in z1 rather than having
a direct effect on the top 1% income share.
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