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Abstract

Macroeconomic time-series data are aggregated, inaccurate, non-stationary, collinear and rarely
match theoretical concepts. Macroeconomic theories are incomplete, incorrect and changeable: lo-
cation shifts invalidate the law of iterated expectations and ‘rational expectations’ are then systemat-
ically biased. Empirical macro-econometric models are non-constant and mis-specified in numerous
ways, so economic policy often has unexpected effects, and macroeconomic forecasts go awry. In
place of using just one of the four main methods of deciding between alternative models, theory,
empirical evidence, policy relevance and forecasting, we propose nesting ‘theory-driven’ and ‘data-
driven’ approaches, where theory-models’ parameter estimates are unaffected by selection despite
searching over rival candidate variables, longer lags, functional forms, and breaks.

JEL classifications: C51, C22.
KEYWORDS: Model Selection; Theory Retention; Location Shifts; Indicator Saturation; Autometrics.

1 Introduction

All macroeconomic theories are incomplete, incorrect and changeable; all macroeconomic time-series
data are aggregated, inaccurate, non-stationary and rarely match theoretical concepts; all empirical
macro-econometric models are non-constant, and mis-specified in numerous ways; macroeconomic fore-
casts often go awry: and economic policy often has unexpected effects different from prior analyses; so
how should we decide between alternative approaches to modelling macroeconomies? 1

Historically, the main justification of empirical macro-econometric evidence has been conformity
with conventionally-accepted macroeconomic theory: internal credibility as against verisimilitude. Yet
in most sciences, theory consistency and verisimilitude both matter and neither can claim precedence:
why is economics different? Part of the justification for a ‘theory-driven’ stance in economics is the
manifest inadequacy of short, interdependent, non-stationary and heterogeneous time-series data, often
subject to extensive revision. If data are unreliable, it could be argued that perhaps it is better to trust
the theory. But theories are inevitably abstract, and usually ignore non-stationarity and aggregation over

∗Financial support from the Robertson Foundation, Institute for New Economic Thinking and Statistics Norway is gratefully
acknowledged, as are helpful comments from Jennifer L. Castle, Jurgen A. Doornik, Robert F. Engle, Neil R. Ericsson, Tito
Nicias Teixeira da Silva Filho, Kevin Hoover, Katarina Juselius, Andrew B. Martinez, Grayham E. Mizon, John N.J. Muell-
bauer, and participants in the ESRC–OMS 2012 International Symposium on Macroeconomics, the Ken@75 Conference, the
Carlos III Workshop on Forecasting Economic Time Series Honoring Antoni Espasa and the 2015 Haavelmo Memorial Lecture.
email: david.hendry@nuffield.ox.ac.uk

1The original impetus for the paper was the Journal of Economic Surveys Online Conference in November, 2011: see
https://joesonlineconference.wordpress.com/.
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heterogeneous entities, so are bound to be incorrect and incomplete. Moreover, theories have evolved
greatly, and many previous economic analyses have been abandoned, so it is self-contradictory to justify
an empirical model purely by an invalid theory that will soon be altered. It is unclear why an incorrect
and mutable theory is more reliable than data that can become more accurate over time.

Nevertheless, the prevalence of the constellation of non-stationarity, endogeneity, potential lack of
identification, inaccurate data and collinearity, have culminated in a belief that ‘data-driven’ is tanta-
mount to ‘data mining’ and can produce almost any desired result—but unfortunately so can theory
choice by claiming to match idiosyncratic choices of ‘stylized facts’, that are usually neither facts nor
constant. The preference of theory over evidence may also be due to a mistaken conflation of economic-
theory models of human behavior with the data generation process (DGP): there is a huge gap between
abstract theory and non-stationary evidence, inadequately finessed by simply asserting that the model is
the mechanism—while ceteris paribus is easily assumed in theories, it is rarely achieved empirically:
see Boumans (1999).

Finally, there is a false belief that data-based model selection is a subterfuge of scoundrels—rather
than the key to understanding the complexities of macroeconomies. All decisions about a theory formu-
lation, its evidential database, its empirical implementation and its evaluation involve selection, though
such decisions are often either ignored or camouflaged: selection is unavoidable and ubiquitous.

Hendry and Mizon (2014) highlight fundamental failures in the mathematical basis of inter-temporal
macroeconomic theory in wide-sense non-stationary economies, namely where the distributions of all
economic variables are not the same at all points in time. Such shifts help explain the ‘breakdown’
of the Bank of England quarterly econometric model (BEQEM),2 the empirical rejections of ‘rational
expectations’ models in Castle, Doornik, Hendry and Nymoen (2014), and the failures of economic
forecasting in Clements and Hendry (1998). A replacement approach is proposed in Hendry and Doornik
(2014) and Hendry and Johansen (2015) that retains theories while selecting across a large range of
alternatives, including any number of shifts of unknown magnitudes and signs at unknown times.

Instead of simply adopting one of the four conventional methods of deciding between alternative
models, namely macroeconomic theory, empirical evidence, policy relevance and forecasting, all of
which transpire to be inadequate individually in the face of the complexities of macroeconomies ob-
served through their resulting aggregate time series, we propose an extension of encompassing (see
Mizon and Richard, 1986) that nests ‘theory-driven’ and ‘data-driven’ approaches, building on Hendry
and Johansen (2015). Theory insights can be retained unaffected by data-based model selection even
when searching over many rival candidate variables, longer lags, non-linear functional forms, and struc-
tural breaks. Despite commencing from very general specifications, possibly with more variables N
than observations T , multi-path search algorithms such as Autometrics (see Doornik, 2009) can control
retention rates of irrelevant variables at low levels using stringent critical values, yet automatically retain
all theory-based variables, irrespective of their significance. When the embedded theory is correct and
complete, the distributions of its estimated parameters are identical to those obtained by directly fitting it
to data. Conversely, when the theory model is incorrect or incomplete, the approach can lead to the dis-
covery of a better empirical model that retains any subset of valid theory insights. Selection is essentially
costless if not needed, and beneficial otherwise, the opposite of current beliefs.

The structure of the paper is as follows. Section 2 discusses the main criteria by which models are
currently selected in macroeconomics, specifically economic theory with its subset of policy relevance,
and empirical evidence with its subset of forecast accuracy. Section 3 reviews the foundations of econo-

2See Harrison, Nikolov, Quinn, Ramsay, Scott and Thomas (2005), to be replaced by the new dynamic
stochastic general equilibrium (DSGE) model in Burgess, Fernandez-Corugedo, Groth, Harrison, Monti, Theodor-
idis and Waldron (2013), called COMPASS (Central Organising Model for Projection Analysis and Scenario Simula-
tion). http://bankunderground.co.uk/2015/11/20/how-did-the-banks-forecasts-perform-before-during-and-after-the-crisis/ pro-
vides an honest appraisal of its failures.
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metrics initiated by Trygve Haavelmo, how various aspects have developed since, and the relationship
between his concept of ‘design of experiments’ and the theory of reduction. Section 4 considers whether
empirical evidence alone can decide the choice of model, and concludes not. Section 5 highlights some
major issues confronting inter-temporal macroeconomic theory: §5.1 considers the interlinked roles of
theory and evidence; §5.3 describes the consequences of unanticipated shifts of distributions, where §5.4
focuses on the resulting difficulties for theories of expectations formation, and §5.5 on the closely linked
failures of the law of iterated expectations when distributions shift over time. The conclusion is that
theory alone is an inadequate basis for model choice. Section 6 shows that forecasting performance
cannot distinguish reliably between good and bad models. Consequently, section 7 proposes embedding
theory-driven and data-driven approaches during model selection while retaining economic theory in-
sights. Section 7.1 explains the formulation of the initial general unrestricted model (GUM); and §7.2
describes selecting empirical models therefrom, and outlines automatic empirical model discovery while
also tackling multiple location shifts, namely sudden, often unanticipated, changes in the levels of the
data processes. This provides the basis for the proposal in §7.3 for retaining (but not imposing) economic
theory models, unaffected by selecting over many contending alternatives, while checking for location
shifts of any magnitudes and signs anywhere in the sample. Section 8 discusses the implications for
evaluating policy models. Section 9 concludes.

2 Criteria for deciding between alternative approaches

Many criteria have been used to select models in macroeconomics, including: theory generality, internal
consistency, insights, invariance, novelty, excess content, policy relevance, identification, and consis-
tency with evidence; empirical goodness-of-fit, congruence, constancy, parsimony, encompassing, con-
sistency with theory, and forecast accuracy; as well as elegance, relevance, telling a story, and making
money, inter alia. An obvious solution to resolve the dilemma as to which criteria should be used is to
match them all. Unfortunately, some criteria conflict (e.g., generality versus parsimony; elegance versus
congruence, etc.), human knowledge is limited, and economies are high dimensional, heterogeneous, and
non-stationary, with data samples that are often small, incomplete and may be inaccurate. Maximizing
goodness of fit or likelihood is fine for estimating a given specification, but is inappropriate for selecting
specifications; and attempts to improve inference about parameters of interest by selection have been
criticized by Leeb and Pötscher (2003, 2005). Trying to improve forecasting by selection (or theory) has
not prevented intermittent forecast failure.

Since the potential uses of an empirical model may range across data description, testing theories,
policy analyses and forecasting, models also need to be robust to (a) mis-specification, (b) past outliers
and shifts, (c) regime changes, and (d) aggregation over space, time and variables. The first requires
either orthogonal omissions or a correct and comprehensive economic theory combined with a complete
choice of all relevant variables, lags and functional forms. The second necessitates modelling all forms
of breaks, some of which may have arisen from past policy changes and hence would question the relia-
bility of models to the third. The fourth entails finding similar data descriptions at different aggregation
levels. Finally, as unanticipated shifts occur intermittently at many magnitudes, (e) forecasts need to
be robust to recent shifts, even if forecasting shifts remains an elusive goal. Whether achieving all five
requirements jointly is even potentially feasible is unknown, but it seems unlikely with most extant ap-
proaches, although all five are testable, at least in part. Below we describe an approach that retains useful
theoretical insights, without imposing the theory, when selecting from large numbers of variables and
shift indicators with tests of invariance to tackle (a)–(c), as in Doornik and Hendry (2015).

In an overly simple summary, the description of the present state of macroeconomics sketched in
the introduction also seems to have been the prevailing situation when Trygve Haavelmo (1944) wrote
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his Probability Approach. Haavelmo initially assumed that relevant and valid macroeconomic theory
existed, but viable econometric methods to quantify it did not, so he developed a general framework for
the latter. His foundations for econometrics set the scene for the vast and powerful advances that have
followed since: see Morgan (1990), Qin (1993, 2013) and Hendry and Morgan (1995) for histories of
econometrics. However, Haavelmo soon found that there was in fact little empirically-relevant economic
theory, so he commenced research on economics, as described, for example, in his Presidential Address
to the Econometric Society (see Haavelmo, 1958, and Anundsen, Nymoen, Krogh and Vislie, 2012) and
later in his Nobel Lecture (see Haavelmo, 1989): Bjerkholt (2005) provides valuable discussion.

Haavelmo (1944) both formalized analytical methods for econometrics in a general probabilistic
framework, and clarified a range of specific stochastic models and their properties. A key aspect was
his notion of a design of experiments to match the data generation process, so valid inferences could be
conducted. Section 3 addresses how the theory of reduction helps formalize that idea. ‘Selection’ in
Haavelmo (1944) refers to choosing the theory model together with the specification of any functions,
variables and parameters, whereas ‘testing’ appears to include the notion of selection used below, namely
checking how well a theory model matches the evidence, as well as the usual sense of both specification
and mis-specification testing: see Spanos (1989) and Juselius (1993). In a chapter added after the 1941
version (see Bjerkholt, 2007), Haavelmo (1944) also formalized the conditions for successful economic
forecasting, requiring that the model in use was correct and constant—highlighting the key role of con-
stancy of the joint distribution between the sample period and the forecast horizon—but he seems to have
been unaware of the earlier analysis in Smith (1929). We revisit forecasting as a device for model choice
in section 6.

Major changes have occurred in the conceptualization of economic time series since Haavelmo wrote,
in particular their non-stationarity. Economies change continually and sometimes abruptly, forcing a
careful consideration of stochastic trends from unit roots in the dynamic representation and structural
shifts in DGPs. While these features complicate empirical analyses, and developing appropriate tools
for valid inferences in such settings has been a major—and remarkably successful—enterprise, less at-
tention has been paid to their pernicious implications for macroeconomic analyses, economic policy and
forecasting, an important theme below. A second key development has been in viable methods of select-
ing empirical models despite all the complications of aggregate economic data and the need to allow for
more variables (N ) than observations (T ) in the candidate set of determinants to be considered.

Many features of empirical models are not derivable from abstract theory, so must be based on the
available data sample to discover what actually matters empirically. Since ceteris paribus is usually inap-
propriate in macroeconomics, specifications must include the complete set of variables that are actually
relevant, their lagged responses and functional forms, non-stationarities such as structural breaks and
unit roots, and appropriate exogeneity conditions. Therefore theory provides the object of interest within
modelling, not the target, although it is often imposed as the latter. The next section considers what the
relevant target might be, and how it matches Haavelmo’s concept of ‘design of experiments’.

3 ‘Design of experiments’ and the target for selection

As Haavelmo (1944, p. 14) expressed the matter: “We try to choose a theory and a design of experiments
to go with it, in such a way that the resulting data would be those which we get by passive observation of
reality.” At first sight, it is not obvious how we can choose a ‘design of experiments’ in macroeconomics
to match the aggregate observed data, but the theory of reduction provides a possible interpretation.

To understand how an economy functions, the appropriate target must be its DGP. That DGP is the
joint density of all the variables in the economy under analysis, so is too high dimensional and non-
stationary to develop complete theories about, or to model empirically. The local DGP (denoted LDGP)
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is the DGP for the r variables {wt}which an investigator has chosen to model over t = 1, . . . , T , usually
based on a prior subject-matter theory. The theory of reduction explains the derivation of the LDGP from
the DGP, leading to the joint density DW1

T
(w1 . . .wT |Q1

T ,θ
1
T ,W0) where W1

T denotes the complete
set of observed data (w1 . . .wT ), Q1

T = (q1 . . .qT ) are all the deterministic terms, and the entailed
‘parameters’ θ1

T of the economic agents’ decision processes may be time varying (see e.g., Hendry,
2009). Following Doob (1953), by sequential factorization, the LDGP DW1

T
(·) can always be written

with a martingale difference error, or innovation, that is unpredictable from the past of the process:

DW1
T

(
W1

T | Q1
T ,θ

1
T ,W0

)
= DwT

(
wT |W1

T−1,qT ,θT ,W0

)
DW1

T−1

(
W1

T−1|Q1
T−1,θ

1
T−1,W0

)
... (1)

=

T∏
t=1

Dwt

(
wt |W1

t−1,qt,θt,W0

)
.

Thus, the joint density is the product of the individual densities. Let εt = wt − EWt−1

[
wt|W1

t−1,qt
]

then EWt−1

[
εt|W1

t−1,qt
]

= 0 confirming that {εt} is an innovation error process, thereby providing a
suitable basis for laws of large numbers and central limit theorems.

Consequently, the LDGP provides an appropriate ‘design of experiments’ whereby the passively
observed data are described to within the smallest possible innovation errors given the choice of {wt}.
The LDGP innovation error {εt} is of course designed, or created, by the reductions entailed in moving
from the DGP, and is not an ‘autonomous’ process. A ‘better’ choice of variables than {wt}, namely one
where the LDGP is closer to the actual DGP, would deliver yet smaller innovation errors.

Nevertheless, once {wt} is chosen, one cannot do better than know DW1
T

(·), which encompasses
all models thereof on the same data or subsets thereof (see Bontemps and Mizon, 2008). Given {wt},
the LDGP is therefore the appropriate target for model selection. The set of variables {wt} chosen for
analysis will depend on the subject-matter theory, institutional knowledge, and previous evidence, so in
that sense any theory-model object is always directly related to the target LDGP. However, while the
LDGP provides the appropriate ‘design of experiments’, it is unknown in practice, so must be discovered
from the available evidence. Consequently, (1) really provides cold comfort for empirical modelling: the
sequential factorization delivers an innovation error only using the correct Dwt(·) at each point in time,
including knowledge of the relevant {qt}, which is why Hendry and Doornik (2014) emphasize the need
to discover the LDGP. Doing so involves nesting that LDGP in a suitably general unrestricted model
(denoted GUM) while embedding the theory model in that GUM, then searching for the simplest accept-
able representation thereof, and stringently evaluating that selection for congruence and encompassing.
Section 7 addresses that process: first we consider whether in isolation empirical evidence, theory, or
forecasting can decide model choice.

4 Can empirical evidence alone decide?

Two key aspects of the complexity of macroeconomics are its high dimensionality and the occurrence of
numerous unanticipated location shifts, altering the underlying data distributions. The recent financial
crisis is just the latest example, and such shifts are why all the densities and expectations in the previous
section were subscripted by their time-dated variables. Concerning the first, and notwithstanding recent
major advances in modelling ‘big data’, it is impossible to proceed in empirical economics without some
a priori ideas of the key influences to include in a model. Empirical evidence alone cannot decide.

The second issue is important in section 5 in explaining the ‘break-down’ of empirical macroeco-
nomic models, and in section 6 in accounting for forecast failures. Conversely, as location shifts are
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Figure 1: Year-on-year percentage changes in Japanese exports.

2000 2002 2004 2006 2008
-70

-50

-30

-10

10

30

Annual percentage changes in Japan Exports

a

2000 2002 2004 2006 2008 2010
-70

-50

-30

-10

10

30

b

rarely included in macroeconomic theories, empirical evidence remains essential, so is necessary but not
sufficient. Numerous historical examples of such shifts are discussed in Hendry (2015), and as a further
illustration, Figure 1a shows year-on-year percentage changes in Japanese exports, which look ‘well be-
haved’ over 2000–2008, then drop by 70% in mid 2008–2009, as shown in panel b. Such a dramatic fall
was not anticipated at the time, nor were the subsequent gyrations. Many of the shifts found for (e.g.)
annual changes in UK real GDP correspond to major policy changes, and most were also not anticipated
at the time. Figures 1 and 2 (below) emphasize that growth rates need not be stationary processes: dif-
ferencing a data series certainly removes a unit root, but cannot ensure stationarity. However, outliers
and shifts can be accommodated in empirical modelling by indicator saturation methods, either impulses
(IIS: see Hendry, Johansen and Santos, 2008, and Johansen and Nielsen, 2009), or steps (SIS: see Cas-
tle, Doornik, Hendry and Pretis, 2015: Ericsson and Reisman, 2012, propose combining these in ‘super
saturation’): all are already implemented in Autometrics. The next section illustrates their application.

5 Is theoretical analysis definitive?

We first consider the relationship between theory and evidence in §5.1, followed by a ‘Phillips curve’
illustration in §5.2, then describe the serious problems confronting inter-temporal macroeconomic theory
facing shifting distributions in §5.3, focusing on the difficulties for theories of expectations formation in
§5.4 and the law of iterated expectations in §5.5.

5.1 Theory and evidence

Past developments and discoveries in economics have primarily come from abstract theoretical reasoning.
However, all economic theories are by their nature incomplete, incorrect, and mutable, needing strong
ceteris paribus claims, which are inappropriate in a non-stationary, evolving world (see Boumans and
Morgan, 2001), and relying on many relatively arbitrary assumptions. Say a macroeconomic analysis
suggests a theoretical relationship of the form:

yt = f (xt) (2)
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where the vector of k variables denoted yt depend on n ‘explanatory’ variables xt, which may include
lagged values and expectations. There are m > n instrumental variables vt, believed to be ‘exogenous’
and to influence x.

However, the form of f (·) in (2) depends on the utility or loss functions of the relevant agents, the
constraints they face, the information they possess and how they form their expectations. To become
operational, analyses need to assume some functional forms for f (·), that f (·) is constant, that only x
matters, what a time unit measures, and that the v really are ‘exogenous’ even though available data will
have been aggregated over space, commodities, time and heterogeneous individuals whose endowments
can shift, often abruptly, as in the 2008 financial crisis. Moreover, economic theory evolves, improving
our understanding of the world and often changing that world itself, from the introduction of the concept
of the ‘invisible hand’ in Adam Smith (1759), through key insights into option pricing, auctions and
contracts, principal-agent and game theories, trust, moral hazard, and asymmetric information inter alia.
Consequently imposing contemporaneous economic-theory models in empirical research entails that ap-
plied findings will be forgotten when the economic theory that they quantified is discarded. This is part
of the explanation for the fads and fashions, cycles and schools in economics.

5.2 Inflation, unemployment and ‘Phillips curves’

Location shifts in individual time series will induce breaks in relationships unless the shifts coincide
across variables, called co-breaking (see Hendry and Massmann, 2007). A ‘classic’ example of the fail-
ure of supposedly causally-connected variables to co-break is the ‘Phillips curve’ linking wage inflation,
∆w, and unemployment, Ur. The long-run history of their many location shifts is shown in Figure 2
panels a and c. The shifts portrayed are selected by SIS at 0.1%, and are numbered (1)–(10) for wage
inflation and [1]–[11] for unemployment. Table 1 explains the interpretation of the numbered shifts, all
of which correspond to key events in UK economic and political history.

Although many of the major events are in common, their timing does not necessarily overlap, and
the right-hand two panels in Figure 2, b and d, respectively show their mis-matched location shifts over
time, and the consequent shifts in the ‘Phillips curves’ in different epochs. Even excluding war years,
price indexation periods price controls, and the aftermath of World War I, curves shift. Such a finding
does not entail that there is no constant relationship between wage inflation and unemployment, merely
that a naive ‘Phillips curve’ is not such a relation. Castle and Hendry (2014b) present a model relating
real wages to a number of variables including unemployment, where almost all the shifts seen in Figure
2 then co-break: it is essential to model shifts to understand the underlying economic behaviour.

5.3 Problems confronting inter-temporal macroeconomic theory

To explain the intermittent failure evident in Figure 2, we use the three aspects of unpredictability de-
lineated in Hendry and Mizon (2014). Intrinsic unpredictability occurs in a known distribution, arising
from chance distribution sampling, ‘random errors’, etc., so is essentially an unknown known. Empir-
ically, population distributions are never known, but nevertheless much of statistical theory depends on
random sampling from distributions with assumed known properties. Instance unpredictability arises in
(for example) fat-tailed distributions from outliers of unknown magnitudes and signs at unanticipated
times (known unknowns, aka ‘black swans’ from Taleb, 2007). Extrinsic unpredictability (unknown
unknowns) occurs from unanticipated shifts of distributions from unknown numbers, signs, magnitudes
and timings of outliers and shifts (as in the concept of reflexivity in Soros, 2008). Each type of unpre-
dictability has different effects on economic analyses, forecasting and econometric modelling. The first
two can go awry from instance or extrinsic unpredictability as explained in the next two sections, yet
empirical outcomes are susceptible to being modelled ex post as noted above.
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Figure 2: Distinct epochs and major shifts in annual UK wage changes and unemployment.

1850 1875 1900 1925 1950 1975 2000

-0.2

-0.1

0.0

0.1

0.2

shifts in ∆w

(1)

(2)

(3)

(4)

(5)

(6)
(7)

(8)

annual change in wages

(9)

∆w

(10)

UK wage inflation
(a)

1850 1875 1900 1925 1950 1975 2000

0.05

0.10

0.15

UK unemployment

[1]
[2]

[3]
[4]

[5]
[6]

[7]
[8]

[9]

(b)

[10]

[11]

1850 1875 1900 1925 1950 1975 2000

-0.2

-0.1

0.0

0.1

0.2

Units−rate

Units−rate

[b]

(c)

↑ 
inflation shifts

[a]
[a][b]

[b]

[a]

[c]

[b]

[a]

[a]

[a]

[b]
[c]

[a]: only inflation changes

[b]: opposite shifts

[c]: only Ur changes

Unemployment shifts
 ↓

0.01 0.03 0.05 0.07 0.09 0.11 0.13 0.15

-0.2

-0.1

0.0

0.1

0.2

0.3

1861 18621863
186418651866

186718681869
18701871

18721873
1874

1875 18761877 1878 1879
1880188118821883 1884188518861887188818891890

1891 1892 18931894189518961897189818991900
190119021903 1904190519061907 190819091910191119121913
1914

1915
1916

1917
1918

19191920

1921

1922

1923

19241925
1926

1927
1928

1929 1930 193119321933
1934193519361937 1938

1939

1940

1941
1942
1943

1944
1945

1946
19471948

19491950

19511952
19531954

19551956
1957

19581959
19601961

19621963

196419651966
1967

19681969
1970197119721973
1974

1975

1976

1977
1978

1979

1980

∆w

Ur

1860-1913
1914-1945
1946-1980
1981-2011

1981
19821983

1984
198519861987198819891990 1991 1992

1993199419951996199719981999200020012002
20032004

2005
200620072008

2009
20102011

Wars and oil crises
↓

↑
Price
controls

← Price
indexation

Table 1: Major shifts in annual UK wage inflation and unemployment
∆w Event Ur Event
(1) UK ‘Great Depression’ [1] Business cycle era
(2) World War I [2] UK ‘Great Depression’
(3) Postwar crash [3] World War I
(4) US ‘Great Depression’ [4] Postwar crash
(5) World War II [5] US crash
(6) Postwar reconstruction [6] Leave Gold Standard
(7) ‘Barber boom’ [7] World War II
(8) Oil crisis [8] Postwar reconstruction
(9) Leave ERM [9] Oil crisis and Mrs Thatcher
(10) ‘Great Recession’ [10] Leave ERM

[11] Financial crisis
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5.4 Problems with expectations formation

Let fxt denote the density of a random variable xt at time t, and let xt+1 = E[xt+1|It] + νt+1 where It
is the information available at t. Then E[νt+1|It] = 0. This derivation may be mistakenly assumed to
establish an unbiased expectation of the future value xt+1. However, absent a crystal ball, the derivation
really shows that Efxt

[νt+1|It] = 0. Nothing can ensure that Efxt+1
[νt+1|It] = 0, as an unbiased

expectation of the future value requires:

Efxt+1
[xt+1 | It] =

∫
xt+1fxt+1 (xt+1 | It) dxt+1 (3)

Unfortunately, using (3) requires that the future fxt+1(xt+1|It) is known. The best an economic agent can
do is form a sensible expectation, forecasting fxt+1(·) by f̂xt+1(·). But, if the moments of fxt+1(·) alter,
there are no good rules for f̂xt+1(·), although f̂xt+1(·) = fxt(·) is not usually a good choice. Agents cannot
know fxt+1(·) when there is no time invariance, nor how It will enter the conditional expectation at time
t+1. Deducing that agents can make unbiased predictions of future outcomes by writing E[νt+1|It] = 0
is sleight of hand, not subscripting the expectation by the relevant distribution, as in (e.g.) (1).

Figure 3 illustrates the potential consequences of distributional shifts. The right-most densities are a
standard normal with a fat-tailed (t3) density superimposed, often leading to the occurrence of a ‘black
swan’, namely an unlikely draw from a known distribution. However, an unanticipated location shift as in
the left-most density will lead to a ‘flock’ of black swans, which would be most unlikely for independent
draws from any distribution. Moreover, after such a location shift, the previous conditional mean can
be a very poor representation of the new one as shown. This problem also impacts on using the law of
iterated expectations to derive ‘optimal’ decision rules as follows.

Figure 3: Location shifts of distributions.
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5.5 Failures of the law of iterated expectations

When variables at different dates, say (xt, xt+1), are drawn from the same distribution fx, then:

Efx [Efx [xt+1 | xt]] = Efx [xt+1] (4)
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In terms of integrals:

Efx [Efx [xt+1 | xt]] =

∫
xt

(∫
xt+1

xt+1fx (xt+1|xt) dxt+1

)
fx (xt) dxt

=

∫
xt+1

xt+1

(∫
xt

fx (xt+1, xt) dxt

)
dxt+1

=

∫
xt+1

xt+1fx (xt+1) dxt+1 = Efx [xt+1] (5)

confirming that the law of iterated expectations holds inter-temporally for constant fx.
However, when the distribution shifts between t and t+ 1:

Efxt

[
Efxt+1

[xt+1 | xt]
]
6= Efxt+1

[xt+1] (6)

as:
fxt+1 (xt+1 | xt) fxt (xt) 6= fxt+1 (xt+1 | xt) fxt+1 (xt) (7)

Hendry and Mizon (2014) provide formal derivations. Unanticipated shifts of distributions between time
periods–as occur intermittently–invalidate inter-temporal derivations. Thus, economic theories based
on assuming (4) holds require that no breaks ever occur—so are empirically irrelevant—or will always
suffer structural breaks when distributions shift, as the mathematics behind their derivations fails when
such shifts occur. Alternative criteria other than theoretical elegance, ‘constant distribution rationality’,
or generality are required to decide between alternative approaches.

6 Can forecasting performance help distinguish good from bad models?

Unanticipated location shifts also have adverse consequences both for forecast accuracy, and for the
possibility of using forecast outcomes to select between models. As shown in Clements and Hendry
(1998), while ‘good’ models of a DGP can forecast well, and ‘poor’ models can forecast badly, it is also
true that ‘good’ models can forecast badly and ‘poor’ models can forecast well. A well-worn analogy
(based on Apollo 13) is of a rocket forecast to land on the moon on 4th July of a given year, but en route
is hit by a meteor and knocked off course, so never arrives there. Such a forecast is badly wrong, but the
failure is neither due to a poor forecasting model nor does it refute the underlying Newtonian gravitation
theory. In terms of this paper, the failure is due to an unanticipated distribution shift: there is no theorem
proving that the DGP to time T is always the best device for forecasting the outcome at T + 1 in a wide-
sense non-stationary process, especially so if the parameters of that DGP need to be estimated from the
available data evidence. Conversely, some methods are relatively robust after location shifts so insure
against systematic forecast failure—so that producing the (relatively) best forecasting outcome need not
entail a good model.

To illustrate, consider an in-sample stationary conditional DGP given by the equilibrium-correction
mechanism (EqCM):

∆xt = (ρ− 1) (xt−1 − θ) + γ(zt − κ) + εt (8)

where |ρ| < 1, εt ∼ IN[0, σ2ε ], the past, present and future values of the super-exogenous variable {zt}
are known, with E[zt] = κ and so E[xt] = (µ + γκ)/(1 − ρ) = θ. Providing (8) remains the DGP of
{xt}, forecasts based on that as a model will perform as anticipated. However, problems arise when the
parameters shift, as in:

∆xT+h = (ρ∗ − 1) (xT+h−1 − θ∗) + γ∗(zT+h − κ∗) + εT+h (9)
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where at time T , every parameter has changed (we could allow σ2ε to change as well). The key problem
transpires to be shifts in the long-run mean E[xT+h] = (µ∗ + γ∗κ∗)/(1 − ρ∗) = θ∗. Forecast failure is
unlikely if θ = θ∗, but almost certain otherwise: see Hendry and Mizon (2012).

All EqCMs fail systematically when θ changes to θ∗, as their forecasts automatically converge back
to θ, irrespective of the new parameter values in (9). EqCMs are a huge class including most regressions;
dynamic systems; vector autoregressions (VARs); cointegrated VARs (CVARs); and DSGEs; as well
as volatility models like autoregressive conditional heteroscedasticity (ARCH), and its generalization to
GARCH. Systematic forecast failure is a pervasive and pernicious problem affecting all EqCM members.

6.1 Forecast-error sources

When (8) is the in-sample DGP and (9) the DGP over a forecast horizon from T , consider an investigator
who tries to forecast using an estimated first-order autoregression, often found to be one of the more
successful forecasting devices (see e.g., Stock and Watson, 1999):

x̂T+1|T = θ̂ + ρ̂(xT − θ̂) (10)

where θ̂ estimates the mean of the process, from which the intercept, µ̂ = (1 − ρ̂)θ̂, can be derived.
Almost every possible forecast error occurs using (10) when (9) is the forecast-horizon DGP, namely:

ε̂T+1|T =
(
θ∗ − θ̂

)
+ ρ∗ (xT − θ∗)− ρ̂

(
x̂T − θ̂

)
+ γ∗ (zT+1 − κ∗) + εT+1 (11)

(ia) deterministic shifts: (θ, κ) changes to (θ∗, κ∗);
(ib) stochastic breaks: (ρ, γ) changes to (ρ∗, γ∗);
(iia,b) inconsistent parameter estimates: θe 6= θ and ρe 6= ρ where ρe = E[ρ̂] and θe = E[θ̂];
(iii) forecast origin uncertainty: x̂T 6= xT ;
(iva,b) estimation uncertainty: V[ρ̂, θ̂];
(v) omitted variables: zT+1 was inadvertently excluded from (10);
(vi) innovation errors: εT+1.
Clearly, (10) is a hazardous basis for forecasting, however well it performed as an in-sample model.

Indeed even if all in-sample breaks have been handled, and there are good forecast origin estimates so
x̂T = xT , then taking expectations in (11) and noting that ExT ,zT+1 [xT −θ] = 0, ExT ,zT+1 [zT+1−κ∗] =
0, and ExT ,zT+1 [εT+1] = 0:

ExT ,zT+1 [̂εT+1|T ] ' (1− ρ∗) (θ∗ − θ) (12)

irrespective of model mis-specification. That forecast bias on the right-hand side of (12) persists so long
as (10) continues to be used, even though no further breaks ensue. Crucially, there is no systematic bias
when θ∗ = θ: the values of µ and ρ can change by large magnitudes provided θ = θ∗ as the outcome is
isomorphic to µ = µ∗ = 0. In that setting, there would be almost no visible evidence from which agents,
including policy makers, could ascertain that the DGP had changed, although later policy effects could
be radically different from what was anticipated.

Surprisingly, even if µ = µ∗ = 0 and the variable zt is correctly included in the forecasting model,
but itself needs to be forecast, then ρ 6= ρ∗ still induces forecast failure by shifting θ 6= θ∗ when κ 6= 0.
Thus, the only benefit from including zt in avoiding forecast failure is if κ alone shifts to κ∗ which
induces a shift in θ to θ∗ that is captured. Nevertheless, the in-sample DGP need not forecast well.

Conversely, there is a way to forecast after location shifts that is more robust, as described in (e.g.)
Castle, Clements and Hendry (2015). Difference the mis-specified model (10) after estimation:

∆x̃T+h|T+h−1 = ρ̂∆xT+h−1 (13)

11



so forecast by:

x̃T+h|T+h−1 = xT+h−1 + ρ̂∆xT+h−1 = xT+h−1 + ρ̂ (xT+h−1 − xT+h−2)

= θ̃
∗

+ ρ̂
(
xT+h−1 − θ

∗
)

(14)

Despite being incorrectly differenced, using the ‘wrong’ ρ̂ 6= ρ∗, and omitting the relevant variable zT+h,
(14) can avoid systematic forecast failure once h > 2, as θ̃

∗
= xT+h−1 and θ

∗
= xT+h−2 are respec-

tively ‘instantaneous estimators’ of θ∗ in its two different roles in (14). As Castle et al. (2015) discuss,
interpreted generally, (14) provides a new class of forecasting devices, with ‘instantaneous estimators’ at
one extreme, making a highly adaptive but high variance device, and the full-sample estimator θ̂ at the
other, which is fixed irrespective of changes to the DGP.

The robust method works for h > 2 periods after the break because ∆xT+h−1 is then:

∆xT+h−1 = [(ρ∗ − 1) (xT+h−2 − θ∗) + γ∗(zT+h−1 − κ∗)] + εT+h−1 (15)

The term in brackets, [· · · ], contains everything you always wanted to know when forecasting and you
don’t even need to ask, as ∆xT+h−1 in (15) entails that (13) has:
a] the correct θ∗ in (xT+h−2 − θ∗), so adjusts to the new equilibrium;
b] the correct adjustment speed (ρ∗ − 1);
c] included zT+h−1 despite its omission from the forecasting device (10);
d] the correct parameters γ∗ and κ∗;
e] the well-determined estimate ρ̂, albeit that ρ has shifted.
These features help explain the ‘success’ of random-walk type forecasts facing location shifts.

Figure 4: 1-step forecasts of Japanese exports over 2008–2011, and their squared forecast errors.
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To illustrate this analysis empirically, we return to forecasting the outcomes for year-on-year changes
in Japanese exports across 2008–2011 in Figure 1b from models estimated using only the data in Figure
1a. Figure 4 records the 1-step forecasts and squared forecast errors from an autoregressive model, ε̂,
and its differenced equivalent, ε̃. The former has a mean-square forecast error (MSFE) of 0.56 versus
0.29 for the robust device. Consequently, it is not informative to judge a model’s verisimilitude or policy
relevance by its forecast performance.
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7 Model selection retaining economic theory insights

So far, we have established major flaws in purely empirical approaches (aka ‘data driven’) and purely
theory-based models (‘theory driven’), as well as precluded the use of forecasting success or failure as
an arbiter of choice. Since the LDGP is the target, but is unknown, and theory is the object of interest
within it, only a joint theory-based empirical-modelling approach to discovery offers a way ahead.

But discovery involves learning something that was previously unknown, and in the context of its
time, was perhaps unknowable. As one cannot know how to discover what is not known, it is un-
likely there is a ‘best’ way of doing so. Nevertheless, a vast number of both empirical and theoretical
discoveries have been made by homo sapiens. Science is inductive and deductive, the former mainly
reflecting the context of discovery—where ‘anything goes’, and an astonishing number of different ap-
proaches have occurred historically—and the latter reflects the context of evaluation—which requires
rigorous attempts to refute hypotheses. Howsoever a discovery is made, it needs a warrant to establish
that it is ‘real’, although methods of evaluation are subject-specific: economics requires a theoretical in-
terpretation consistent with ‘mainstream theory’, although that evolves over time. Once discoveries are
confirmed, accumulation and consolidation of evidence is crucial to sustain progress, inevitably requiring
their incorporation into a theoretical formulation with data reduction: think E = mc2 as the apex.

There are seven aspects in common to empirical and theoretical discoveries historically (see the
summary in e.g., Hendry and Doornik, 2014). They always take place against a pre-existing theoretical
context, or framework of ideas, yet necessitate going outside that existing state of knowledge, while
searching for ‘something’. That something may not be what is found, so there has to be recognition of the
significance of the discovery, followed by its quantification. Next comes an evaluation of the discovery
to ascertain its ‘reality’, and finally a parsimonious summary of the information acquired, possibly in a
new theoretical framework. But there is a major drawback: experimental science is perforce simple to
general, which is a slow and uncertain route to new knowledge. Globally, learning must be simple to
general, but locally, it need not be. Discovery in econometrics from observational data can circumvent
such limits (‘big data’ has implicitly noticed this): so how should we to proceed to capitalize on our
discipline’s advantage?

These seven stages have clear implications for empirical model discovery and theory evaluation in
econometrics. Commencing from a theoretical derivation of a potentially relevant set of variables x and
their putative relationships, create a more general model augmented to (x,w), which embeds y = f(x).
Next, automatic selection can be undertaken over orthogonalized representations, retaining the theory,
to end with a congruent, parsimonious-encompassing model that quantifies the outcome in unbiasedly
estimated coefficients. The theory is evaluated directly in this approach, and any discoveries can be
tested on new data or by new tests and new procedures. Finally, the possibly vast information set initially
postulated can be summarized in the most parsimonious but undominated model. We now explain the
detailed steps in this strategy.

7.1 Formulating the GUM

Given a theory model like (2) linking yt to xt which is to be maintained, extensions of it will determine
how well the LDGP will be approximated. Three extensions can be created almost automatically:
(i) dynamic formulations to implement a sequential factorization as in Doob (1953);
(ii) functional form transformations for any potential non-linearity: see Castle and Hendry (2014b);
(iii) indicator saturation (IIS or SIS) for outliers and parameter non-constancy: see Johansen and Nielsen
(2009) and Castle et al. (2015) respectively.
These need to be implemented jointly to create a GUM that can nest the relevant LDGP and thereby
deliver valid inferences. Combining the formulation decisions of what are the n variables xt, augmented
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by k additional candidate variables vt, lag length (s), non-linear functions, and any number of shifts
modelled by IIS (or SIS) leads to a GUM, here formulated for a scalar yt:

yt =

r∑
i=1

s∑
j=0

βi,jwi,t−j +

r∑
i=1

s∑
j=0

κi,ju
2
i,t−j +

r∑
i=1

s∑
j=0

θi,ju
3
i,t−j

+
r∑
i=1

s∑
j=0

γi,jui,te
−|ui,t| +

s∑
j=1

λjyt−j +
T∑
i=1

δi1{i=t} + εt (16)

where r = (n + k) when the ut are the principal components from wt = (xt : vt). Then (16) has
K = 4r(s + 1) + s potential regressors, plus T indicators, so is bound to have N = K + T > T
regressors in total. We consider how to retain theory insights in §7.3 and exogeneity in §8.

7.2 Selecting empirical models

Many modelling decisions are undocumented as they are not recognized as involving selection. For
example, a test followed by an action entails selection, as in the well-known example of testing for
residual autocorrelation then using a ‘correction’ if the null hypothesis of white noise is rejected—albeit
this practice has been criticized on many occasions (see e.g., Mizon, 1995). Unstructured selection, such
as trying a sequence of variables to see if they ‘matter’, is not open to analysis, nor can its statistical
properties be determined.

However, there are three practical ways to judge the success of structured selection algorithms, help-
ing to resolve the dilemma of which evaluation criteria to use. The first is whether an algorithm can
recover the LDGP starting from a nesting GUM almost as often as when commencing from the LDGP
itself. Such a property entails that the costs of search are small. Next, the operating characteristics of
any algorithm should match its stated properties. For example, its null retention frequency, called gauge,
should be close to the claimed nominal significance level (denoted α) used in selection. Moreover, its re-
tention frequency for relevant variables under the alternative, called potency, should preferably be close
to the corresponding power for the equivalent tests on the LDGP. Note that gauge and potency differ
from size and power because selection algorithms can retain variables whose estimated coefficients are
insignificant on the selection statistic: see Castle, Doornik and Hendry (2011). Finally the algorithm
should always find at least a well-specified, undominated model of the LDGP. All three can be checked
in Monte Carlo simulations or analytically for simple models, offer viable measures of the success of
selection algorithms, and can be achieved jointly.

7.3 Retaining economic theory insights

Once N > T , model selection is both essential and unavoidable without incredible a priori claims
to knowing precisely which n < T variables are relevant. Analytical evaluations across procedures are
difficult in that setting, although operating characteristics such as gauge, potency, root mean square errors
(RMSEs around their DGP values) of parameter estimates after selection, and relative success at locating
the DGP, can all be investigated by simulation: Castle, Qin and Reed (2013) provide a comprehensive
comparison of the performance of many model selection approaches by Monte Carlo.

Economic theories are often fitted directly to data to avoid possible ‘model-selection biases’. This
is an excellent strategy when the theory is complete and correct, but less successful otherwise. Hendry
and Johansen (2015) propose embedding a theory model that specifies a set of n exogenous variables,
zt, within a larger set of n+ k candidate variables, (zt,vt). Orthogonalize the second set by projection
on the first (denoted et), then while retaining the zt, selection over the et by their statistical significance
can be undertaken without affecting the theory parameters’ estimators distributions. This strategy keeps
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the same theory-parameter estimates as direct fitting when the theory is correct, yet protects against
the theory being under-specified when some vt are relevant. Thus, the approach is an extension of
encompassing, where the theory model is always retained unaltered, but simultaneously evaluated against
all likely alternatives, so it merges theory-driven and data-driven approaches.

Consider a simple theory model which correctly matches its stationary DGP by specifying that:

yt = β′zt + εt (17)

where εt ∼ IID[0, σ2ε ] over t = 1, . . . , T , and εt is independent of the n strongly exogenous variables
{z1, . . . , zt}, assumed to satisfy:

T−1
T∑
t=1

ztz
′
t
P→ Σzz

which is positive definite, so that:

T 1/2
(
β̂ − β0

)
=

(
T−1

T∑
t=1

ztz
′
t

)−1
T−1/2

T∑
t=1

ztεt
D→ Nn

[
0, σ2εΣ

−1
zz

]
where β0 is the population value of the parameter.

To check her theory in (17) against more general specifications, an investigator postulates:

yt = β′zt + γ ′vt + εt (18)

which includes the additional k exogenous variables vt although in fact γ0 = 0. The vt can be variables
known to be exogenous, functions of those, lagged variables in time series, and indicators for outliers or
shifts, and we assume the same assumptions as above for {εt, zt,vt}.3 As she believes her theory in (17)
is correct and complete, the zt are always retained (so not selected over, called forced). We now consider
the impact of selecting for significant candidate variables from vt in (18), while retaining the zt, relative
to directly estimating the DGP in (17) when (n+ k)� T .

First orthogonalize vt and zt by the projection:

vt = Γzt + et (19)

so that:

Γ̂ =

(
T∑
t=1

vtz
′
t

)(
T∑
t=1

ztz
′
t

)−1
(20)

and letting:
et = vt − Γ̂zt (21)

then by construction:
T∑
t=1

etz
′
t = 0. (22)

Substituting (21) in (18) and using γ0 = 0, so that Γ̂′γ0 = 0:

yt = β′zt + γ ′
(
Γ̂zt + et

)
+ εt = (β + γ ′Γ̂)′zt + γ ′et + εt = β′zt + γ ′et + εt (23)

3Hendry and Johansen (2015) also consider instrumental variables variants when some of the regressors are endogenous,
and note that the validity of over-identified instruments can be checked as in Durbin (1954), Wu (1973), and Hausman (1978).
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where Γ̂′γ = 0 as γ0 = 0. As is well known in orthogonal regressions, from (22) when (17) is the DGP:

√
T

(
β̃ − β0

γ̃ − γ0

)
=

(
T−1

∑T
t=1 ztz

′
t T−1

∑T
t=1 zte

′
t

T−1
∑T

t=1 etz
′
t T−1

∑T
t=1 ete

′
t

)−1(
T−1/2

∑T
t=1 ztεt

T−1/2
∑T

t=1 etεt

)
D→ Nn+k

[(
0
0

)
, σ2ε

(
Σ−1zz 0

0 Σ−1vv|z

)]
(24)

From (24), the distribution of the estimator β̃ is identical to that of β̂ in (18), irrespective of including
or excluding any of the et. Thus, whether or not selection of et is undertaken by a procedure that only
retains estimated γ̃i that are significant on some criterion (e.g., at significance level α, and corresponding
critical value cα, say, by sequential t-tests) will not affect the distribution of β̂. In fact that statement
remains true even if γ0 6= 0, although then both β̃ and β̂ are centered on β0 + Γ′γ0, rather than β0.

This approach to model selection by merging theory-driven (i.e., always retain the theory model)
and data-driven (i.e., search over a large number of potentially relevant candidate variables) seems like
a free lunch: the distribution of the theory parameters’ estimates is the same with or without selection,
so search is costless under the null. Moreover, the theory model is tested simultaneously against a wide
range of alternatives represented by vt, enhancing its credibility if it is not rejected—in essence finding
the answer to every likely seminar question in advance while controlling for false positives.

The main ‘problem’ is deciding when the theory model is rejected, since under the null, some of the
γ̃i will be significant by chance. When γ0 = 0, so all ei,t are irrelevant, nevertheless on average αk of
the ei,t will be significant by chance at cα using (say) selection by the rule:∣∣tγi=0

∣∣ =
|γ̃i|

SE [γ̃i]
≥ cα (25)

Hendry and Johansen (2015) propose setting α = min (1/k, 1/T, 1%) so, e.g., at T = 500 with α =
0.002, even for k = 100, then kα = 0.2, and the probability of retaining more than two irrelevant
variables, r, is:

Pr{r > 2} = 1−
2∑
i=0

(kα)i

i!
e−kα = 1−

2∑
i=0

(0.2)i

i!
e−0.2 ' 0.1% (26)

Hence, finding that 3 or more of the 100 êi,t are significant at 0.2% would strongly reject the null.
Clearly, (26) can be evaluated for other choices of critical values, or a joint F-test could be used, but it
seems reasonable to require relatively stringent criteria to reject the incumbent theory.

An unbiased estimator of the equation error variance under the null that γ0 = 0 is given by:

σ̃2ε = (T − n)−1
T∑
t=1

(
yt − β̂

′
zt

)2
(27)

Estimates of selected γi can also be approximately bias corrected, as in Hendry and Krolzig (2005), who
show this reduces their mean square errors under the null of irrelevance.

When the theory is incomplete or incorrect, the model selected from this approach will be less mis-
specified than direct estimation, so we now discuss this win-win outcome.

7.4 Working with an incomplete or invalid theory

First we consider when (18) nests a more general DGP where some of the vt are relevant and some of
the zt are irrelevant. Under the alternative that γ0 6= 0, directly fitting (17) will result in estimating
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the population coefficient β0 + Γ′γ0. That will also be the coefficient of zt in (23) even when (18)
nests the more general DGP, so as before the distributions of β̂ from (18) and β̃ from (24) are the same.
However, now the relevant components of et are likely to be significant, not only leading to rejection
of the theory model as incomplete or incorrect, but also delivering an improved model of the DGP
that reveals which additional combinations of variables matter. Retaining the theory-based zt without
selection does not ensure their significance when the DGP is more general than the theory model, which
may not be obvious from simply imposing (17), but to understand which elements of zt are insignificant
in the enlarged specification would require estimating (18).

When (18) does nest the DGP, but some vt are relevant, selection from (23) will still usually improve
the final model relative to (17), as in Castle et al. (2011). Providing relevant vi,t are retained, the theory
model will be rejected in favour of a more general formulation. Retaining zt without selection will again
deliver an estimate of β0 confounded with Γ′γ0, but as in the previous paragraph this can be untangled
if required. In both cases, the inadequacy of (17) results.

Hendry and Johansen (2015) also show that the above results generalize to a setting where there
are more candidate variables n + k than observations T , based on the analysis in Johansen and Nielsen
(2009), providing n � T . Orthogonalizing the zt with respect to the other candidate variables needs
to be done in feasibly sized blocks, and selection then undertaken using a combination of expanding
and contracting multiple block searches as implemented in (e.g.) Autometrics: see Doornik (2009) and
Doornik and Hendry (2013).

While this discussion addresses the simple case of linear regression, the approach to retaining a the-
ory model embedded in a set of candidate orthogonalized variables is general, and could be extended to
a wide range of settings, including systems. Under the null, there will be no impact on the estimated pa-
rameter distributions relative to direct estimation, but when the extended model nests the DGP, improved
results will be obtained. If the initial theory model was ‘best practice’, then new knowledge will have
been discovered as discussed by Hendry and Doornik (2014).

8 Evaluating policy models

Many empirical macroeconomic models are built to provide policy analyses. Usually such models em-
phasize theory-based specifications, even to the extent of retaining them despite being rejected against
the available data. Hopefully the approach in the previous section will help provide a better balance
between theory consistency and verisimilitude, as location shifts are a crucial feature absent from most
theory-based models, which can have detrimental impacts on policy outcomes as we now discuss.

When breaks occur, estimated models are constant only if:
(a) all substantively relevant variables are included; and
(b) no internal shifts occur,
both of which are demanding requirements. One can tackle (a) by commencing from a large initial
information set as in section 7 without necessarily impugning the theory basis when it is viable. For
(b), appropriate indicators for location shifts would remove the non-constancy, as will IIS or SIS when
they accurately reflect such indicators. Otherwise, omissions of substantively relevant variables entail
that policy derivatives will be incorrect, so a test for super exogeneity prior to policy implementation is
essential.

Castle and Hendry (2014a) analyze models that unknowingly omit variables which are correlated
with included regressors when location shifts occur in both sets. They show that shifts in omitted vari-
ables lead to location shifts in the model, but do not alter estimated slope parameters. Surprisingly, loca-
tion shifts in the included variables change both model intercepts and alter estimated slope parameters.
Thus, unless policy models have no omitted correlated variables, policy changes will alter the estimated
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model, so the outcome will differ from the anticipated effect. The policy model becomes non-constant
precisely when the policy is changed, which is a highly detrimental failure of super exogeneity.

It is possible to investigate in advance if any in-sample policy changes had shifted the marginal pro-
cesses of a model, and check whether these coincide with shifts in relevant conditional model to imple-
ment co-breaking. The test in Hendry and Santos (2010) is based on IIS in the marginal models, retaining
all the significant outcomes and testing their relevance in the conditional model. No ex ante knowledge
of timings or magnitudes of breaks is required, and one need not know the DGP of the marginal vari-
ables. Nevertheless, the test has the correct size under the null of super exogeneity for a range of sizes
of marginal-model saturation tests. The test has power to detect failures of super exogeneity when there
are location shifts in any marginal models, so applies as well to models with expectations, like new-
Keynesian Phillips curves (NKPCs): see Castle et al. (2014). A generalization to SIS is straightforward,
as we now describe.

The first stage applies SIS to the marginal system, retaining indicators at significance level α1:

zt = π0 +
s∑
j=1

Πjxt−j +
m∑
i=1

ρi,α1
1{t≤ti} + et (28)

The second stage adds the m retained step indicators to the conditional equation, say:

yt = µ0 + β′zt +

m∑
i=1

τ i,α21{t≤ti} + εt (29)

and conducts an F-test for the significance of the (τ1,α2 . . . τm,α2) at level α2. The test has power as
significant step indicators capture outliers and location shifts that are not otherwise explained by the
regressors, so super exogeneity does not then hold. Given a rejection, a rethink of the policy model
seems advisable.

9 Conclusions

The theory of reduction provides an interpretation for the ‘design of experiments’ in Haavelmo (1944),
whereby the local data generation process (LDGP) is intrinsically designed to match the ‘passive obser-
vations of reality’, so is the appropriate target for model selection. The relevant subject-matter theory
remains the object of interest, and both specifies the initial set of relevant variables for the LDGP, and is
embedded within the model of the LDGP. As the LDGP is always unknown in practice, it must be dis-
covered from the available evidence. To do so, we seek to nest the LDGP so far as possible in a general
unrestricted model (GUM), allowing for non-stationarities, especially location shifts, dynamic reactions,
non-linearities and other potentially relevant variables, hence often leading to more candidate variables,
N , than observations, T , while embedding the theory model within that GUM.

Against that background, alternative approaches that were purely data-driven or theory-driven were
discussed. The economy is far too high-dimensional and inter-dependent to be modelled empirically
without some prior insights into likely connections. However, the location shifts that perturb empiri-
cal models and lead to forecast failure also impact adversely on any ‘theory only’ approach. Location
shifts invalidate the law of iterated expectations, and entail that conditional expectations based on the
pre-existing distribution are not unbiased for the outcome in the next period. This not only invalidates
the mathematical basis for inter-temporal derivations, unless economic agents are irrational, the assump-
tions in such derivations could not correspond to their behaviour. Following an unanticipated shift, agents
could not quickly learn what it had changed, so would need error-correction mechanisms to avoid sys-
tematic mistakes. When policy models are not a complete specification of all relevant variables, policy
changes can cause estimated slope parameters to alter and thereby induce a failure of super exogeneity.
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Forecast failure is also primarily due to location shifts that were not included in the forecast, which
unfortunately seems to be the norm. Consequently, all equilibrium-correction models then systematically
mis-forecast, namely regressions, VARs, DSGEs, EqCMs, and GARCH representations. Conversely,
every DGP parameter can shift without any noticeable effect on that class of model if there is no induced
location shift. While it has proved very difficult to predict location shifts, it is possible to partially
mitigate the systematic failure that follows by using robust forecasting devices. Thus, good (bad) forecast
performance is not directly indicative of the verisimilitude (invalidity) of a forecasting device.

None of these three approaches is adequate in isolation for economies with high-dimensional, wide-
sense non-stationary DGPs, requiring the estimation of models of evolving systems from relatively short,
inter-dependent and heterogeneous aggregate time-series data, often subject to extensive revision, facing
additional problems of endogeneity, potential lack of identification, and collinearity. Clearly, LDGPs
are likely to reflect these features. Hence, given that the LDGP is the target for model selection once
the basic formulation is enunciated, empirical model discovery with theory evaluation seems the only
plausible alternative. It is straightforward to automatically create a very general model from an inves-
tigator’s specification of the contents of xt, including additional variables, longer lags, non-linearities,
and indicators for outliers and shifts to ensure congruent representations that might nest the LDGP, and
avoid the potentially pernicious costs of under-specification. The theory-model can be embedded therein,
orthogonalizing other candidate variables with respect to xt to ensure that the baseline specification is
retained unaltered. From this GUM, select the most parsimonious, congruent, encompassing model at
the chosen significance level to ensure an undominated selection, controlling the probability of adventi-
tiously significant findings at the desired level, computing bias-corrected parameter estimates for appro-
priate quantification. Stringently evaluate the results, especially super exogeneity, to ensure the selected
model is robust to policy changes. The approach generalizes to N > T , with expanding and contracting
searches. Surprisingly, empirical modelling is feasible in such a setting, even when pure theory models,
forecasts and policy fail from location shifts. Empirical model discovery with theory evaluation offers a
way ahead.
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