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Abstract

Trygve Haavelmo'sProbability Approachaimed to implement economic theories, but he later
recognized their incompleteness. Although he did not ekpliconsider model selection, we apply
it when theory-relevant variable§x; }, are retained without selection while selecting other cdate
variables,{w;}. Under the null that th¢w, } are irrelevant, by orthogonalizing with respect to the
{x¢}, the estimator distributions of the,'s parameters are unaffected by selection even for more
variables than observations and for endogenous varialilegler the alternative, when the joint
model nests the generating process, an improved outcomksré&®m selection. This implements
Haavelmo’s program relatively costlessly.

JEL classificationsC51, C22.
Keywords: Trygve Haavelmo; Model Discovery; Theory retemt Impulse-indicator saturatiom§uto-
metrics

1 Introduction

Towards the end of his career, in conversations with thedirdior and Eilev Jansen, Trygve Haavelmo
confessed himself dissatisfied with the implementation isffrobability approach in econometrics’
research program promulgated in Haavelmo (1944). This whbetause of his econometric and statis-
tical proposals, which have withstood the test of time tchsaie extent that his then novel framework is
now taken for granted. Rather, he felt that the availablenextc theory of the time was not up to the
challenge envisaged, and had previously stated that vidusipresidential address to the Econometric
Society, published as Haavelmo (1958). Implementing hésvvhe had spent much of the intervening
period on improving economic reasoning, mainly publishedorwegian: see e.g., Bjerkholt (2005),
Bjerkholt (2007) and Moene and Rgdseth (1991). To quote ¢lasv(1989):

“The basis of econometrics, the economic theories that wiéokan led to believe in by our
forefathers, were perhaps not good enough. It is quite oisvigat if the theories we build to
simulate actual economic life are not sufficiently reatisthat is, if the data we get to work
on in practice are not produced the way that economic theatggest, then it is rather
meaningless to confront actual observations with relatibat describe something else.”

*The first author was supported in part by grants from the Omene® Institute and the Oxford Martin School, and the
second author by the Center for Research in Econometricy8isadf Time Series (CREATES, funded by the Danish National
Research Foundation). We are grateful to Jennifer L. Gd3#deid Cox, Jurgen Doornik, Neil R. Ericsson, Grayham E.diz
and Bent Nielsen for helpful discussions.



Cowles Commission research, exemplified by Koopmans (1868)Hood and Koopmans (1953),
was also predicated on the assumption that complete ard eadinomic theory circumvented issues
of data-based model choice by imposing correct restristimm well-specified models. That viewpoint
was embedded in the manifesto by Koopmans (1947), albaiKiin@mans referred to economics as at
a ‘Newtonian’ stage—long after Einstein’s relativity tinedad been confirmed: see Eddington (1928).
In a nutshell, economic analysis formulated the correctehadd econometrics merely had the task of
estimating its parameters of interest from the best aVaildata, which set the scene for the prevailing
orthodoxy still dominant today, where ‘data-based’ engairmodels are readily dismissed as ‘measure-
ment without theory’ despite the reply by Vining (1949). bcf, the approaches in both Haavelmo
(1944) and Koopmans (1947) share the ‘methodology’ thah@tiics proposes and evidence disposes,
an early implementation of ‘conjectures and refutatiosge Popper (1963). While certainly an aspect
of the scientific enterprise, generating an endless sequainejected hypotheses does not seem an ef-
ficient route to knowledge acquisition, nor is it charaatici of much of scientific practice. Rather, the
earlier ‘logic of scientific discovery’ in Popper (1959) @endipitous mis-translation of Popper’'s 1935
Logik der Forschunpsuggests a more productive methodology, namely guidingirézal discovery by
the best available theoretical ideas, but always beinggpeejto have those ideas rejected by sufficiently
strong counter evidence.

As a technical body of knowledge, economic analysis hasrahgreatly since the 1940s, ironically
sowing the very seeds that destroyed empirical findinganmelbn imposing earlier, and now defunct,
theories on the data: see Hendry (2009). Thus, Haavelmo @arasct in the weakness he perceived.
However, the counter argument to not imposing a theory¢bapecification is the manifest inadequacy
of short, dependent, aggregated, inaccurate and heterogetime-series data, often subject to extensive
revision. Consequently, it seems essential to nest ‘thdoven’ and ‘data-driven’ approaches in order
to retain theory insights when exploring empirical intelations, while also evaluating both the theory
and the data evidence: see Hendry (2011a). An approachng doiis the central theme of this paper.

Econometrics has developed almost out of recognition ifabke75 years or so, with a vast array
of new problems tackled. Haavelmo (1944) provided no eitplieatment of ‘model selection’ in the
modern sense of choosing one from a potentially large sebsfible representations, nor of alterna-
tive approaches to doing so. Indeed, the words ‘selectiod’ ‘ahoice’ refer to which theory model
to adopt and what functions, variables and parameters @ tsetspecified in terms of. ‘Testing’ in
Haavelmo’s sense seems to include theory-model selecyiamédrcking the ‘goodness’ of the match of
a theory model to the evidence, as well as hypothesis andgmeisification testing: for commentaries,
see Kriger, Gigerenzer, and Morgan (1987), Hendry, SpamukEricsson (1989), Spanos (1989) and
Juselius (1993).

Rather, Haavelmo (1944) was primarily concerned with wioat ef measurement and inference
methods follow from the views econometricians hold aboatrihture of the world represented in their
theories and in the data, and what are the right tools (desijrexperiments) to uncover economic
structures. That in turn led Haavelmo to consider invagamxpressed as ‘elements of invariance in a
relation between real phenomena’. In Haavelmo (1944), Gtredlistinguishes explicitly between the
constancy of empirical relations and the autonomy of thexseones, initiated by Frisch (1938): see
later contributions by Aldrich (1989) and Aldrich (1994).lthough expectations, a major concern of
many economists after Lucas (1976), only occur once in algdppction for savings, he discusses the
various levels of autonomy in that theory model-to quotee mmnnot know how far this property of
autonomy would in fact be true’. Below, we address the isgugiper exogeneity: see Engle, Hendry,
and Richard (1983), Engle and Hendry (1993), and Hendry amtoS (2010) respectively.

The third major contribution of Haavelmo (1944) was formimlg economic forecasting, albeit under
the assumption that the model in use was correct and consatétrgugh he highlighted the key role of
that last issue. Surprisingly, he did not draw on the presaierk of Smith (1927) and Smith (1929).



We will only briefly consider forecasting, once the orphareobnometrics, but now a topic of major
research, with extensive treatments in four recent Harktbho@lements and Hendry (2002), Elliott,
Granger, and Timmermann (2006), Rapach and Wohar (2008)CEments and Hendry (2011).

The unifying theme of this paper is that we are now ready tdémpnt Haavelmo’s program, not
by imposing a specific subject-matter theory on the datayibunodel selection from an initial general
specification that tackles the whole gamut of empirical fais jointly, while retaining available the-
ory insights: see Hendry (2011a). We define a theory modet todmplete and correct when there are
no omitted variables that are relevant in the data genegrgtincess (DGP), and no included variables
that are irrelevant in the DGP, and all included variablegrewith the same functional forms as in the
DGP. Almost all theories, including ‘general equilibriunmequire a multitude of (usually implicige-
teris paribusstatements, especially about the constancy of the thebrétationships, so are unlikely to
coincide with the DGP. There are also several importansstation issues, as most economic proposi-
tions are derived without a unique specification of timesiniterror terms, whereas statistical relations
invariably come at some data frequency and with an error wteched (as expressed by Haavelmo,
making “relations more elastic”). Thus, in addition to treteministic theory postulates, an erfas}
that is uncorrelated with all the included variables needset postulated. Finally, for empirical model
selection{¢;} needs to be independent and identically distributed (Ii@jhaps after including features
for autocorrelation and heteroskedasticity. We show belmat such a statistical representation of the
theory model can be retained after selection with paranegidmates that have the same distributions
as when the model is directly estimated without selectiomelVit is incorrect or incomplete, that will
be discovered in a sufficiently large sample when the ing&ieral specification contains some of the
functions of the omitted variables; and when the joint maukdts the DGP, an improved outcome will
result from selection.

The approach can allow for many potentially-relevant \@ds, perhaps at long lags, with possibly
non-linear reactions, facing multiple location shifts andliers: see Castle, Doornik, and Hendry (2011)
(who provide bibliographic perspective), Johansen andsNie(2009), and Castle, Doornik, and Hendry
(2012). The theory model is embedded in the general spdaificdut is not selected over, whereas other
aspects are selected at tight significance levels, so aygatmined when highly significant. The general
model often has more candidate variabMghan observation§’, so block contracting and expanding
searches are required, as implementedutometrics see Doornik (2009), and Doornik (2007). Once
a feasibly estimable model is obtained with< < T, it is evaluated for congruence by a range of mis-
specification tests, and if not rejected, reduction comtintill no insignificant variables remain, then that
terminal model is checked by encompassing: see Doornik3j200

The structure of the paper is as follows. Section 2 brieflycdess Trygve Haavelmo’s legacy.
Section 3 discusses the problems of non-stationarity in@wodic time series where breaks and stochastic
trends are ubiquitous. Section 4 considers empirical mdidebvery in that context, retaining theory
insights while allowing a major role for evidence in modgliime series, as theory often abstracts from
important sources of data variation due to breaks and stticlteends.§4.1 shows that the distributions
of the estimated coefficients of exogenous variables; are unaffected by model selection when khe
irrelevant variablesv; are orthogonalized with respectzxg, for (k + m) << T, so the general model
is estimable §4.3 establishes that the same results apply even \Whenm) > T, providedm << T.
84.4 extends the analysis to a valid theory with endogenotiablas anc4.5 notes how to assess the
validity of the instrumental variables. Section 5 providesimulation illustration. Section 6 relates the
selected model to the problems of economic forecastingsantion 7 concludes.



2 Trygve Haavelmo'slegacy

What is Haavelmo’s legacy? Hendry and Morgan (1995) devatajar section of their book to his many
contributions, but here, the key aspect was his stressengeld for, and providing the ability to, formal-
ize the joint probability distribution of the data, now @allthe Haavelmo distribution following Spanos
(1989). Morgan (1990) Ch. 8, presents evidence that mos1L$40 econometricians did not believe
that probability could be applied to economic data becausk data lacked independence (hon-random
sampling) and homogeneity (drawn from changing distring), both seen as essential prerequisites for
a viable statistical analysis. Keynes was among the mo#fevoas critics of the failure of such assump-
tions in his review of Tinbergen (1939): see Keynes (193@ynes (1940), and the retort in Marschak
and Lange (1940).

However, neither independence nor homogeneity are in &mptired of data to develop a viable
statistical analysis, as formalized by Doob (1953). Letdbeof stochastic variables to be analyzed be
denotedXk = (x; ... x7), then their joint data densit (-) conditional on the past and for parameters
AL = (M\1... A7) can be sequentially factorized as:

T

fx (X7 | X0, QA7) = [ fie (¢ | Xi1, Ko, ar, Ar) (1)
t=1

WherteT = (q1 ...qr) are deterministic terms, ar¥ly = (...xp). Let:
€ = Xt — Efxt [Xt ‘ Xt1—17X07qt7At:| )

then E¢,, [et|th_1,X0,qt,)\t] = 0, so{e} is a (possibly heteroskedastic) mean innovation process
(MIP) against the appropriate filter, as well as a martingéference sequence (MDS) willy,, [e:|E;—1] =
OforE, 1 = ( R 5 Etfl). As:

T
log fx (X7 | Xo, Qp, Ap) = Y logfe, (x¢ | Xi_y, X0, ar, M) 2)
t=1

the log sequential densities in (2) provide a basis for lafdarge numbers and central limit theorems.

Thus, the model specification problem is to characterizestfupiential densitie, (x;|-), as these
are not estimable. The variables are usually postulated by prior theoretical analysis, duadet will
also be theories of how their elements are connectgd\jh. But absent omniscience, many difficult
modeling issues remain: precisely what are the formulatadif, (x;|-); what are the (perhaps evolving)
connections between thogg what is the shortest lag length, such thagg,, [et|X§j, Xo, g, At] =0
so{e;} remains a MIP; what are the detailed (possibly non-linequeéon specifications; what are the
underlying constancies and invariances of the sequensiiitiitions; and what is the composition of
{q:}? Finally, going outside the postulated framework, we atersivhether thex; comprise all the
relevant variables, s (-) is the DGP or is just the local DGP (LDGP: the derived DGP ingpace of
the variables under analysis: see Hendry (2009)).

Haavelmo (1944) essentially formalized this approach émstantf, (x;|-), but still allowed for non-
constancy through changing or by location-shift dummies iQ%.. Indeed, estimation and inference
only become viable once a model captures changég (x;|-) by such mean shifts, or models of its
moments. Two important forms of non-stationarity have sineceived considerable attention, so we
review those next.



3 Theproblemsof non-stationarity

Stochastic trends, breaks and regime shifts are ubiguitbesonomic time series, and were already
widely recognized by the time of Haavelmo (1944). From astétooker (1901), through Yule (1926),
integrated time series were known to be problematic whelyaed by conventional statistical methods
such as static regressions between levels. However, lilst ofidiis contemporaries, Haavelmo seems to
have been unaware of the implications of the pioneering wb&mith (1926), recently brought to light
by Mills (2010). Smith (1926) effectively solved the profvidor I(1) time series by nesting levels and
differences in what would now be recognized as an unresttieguilibrium-correction model (EQCM),
although he in turn does not cite Yule (1926), so seems uraefdahe distributional implications df1)
data. Since then, integrated data have received considdéraatment via unit roots and cointegration:
see among many others, Dickey and Fuller (1979), Grang@&1)1®hillips (1986), Engle and Granger
(1987), Johansen (1988), Phillips (1991), and Johanse®b]19Nevertheless, such developments are
extensions of the Haavelmo framework, rather than replacésn even though the resulting statistical
models and methods were not envisaged at the time. Sims, &twt Watson (1990) show that although
t- and F-statistics have non-standard distributions even in ctlyrespecified models fitted ti{1) data,
conventional critical values are valid provided the model be re-written in terms of stationary variables
for the test in question. Only the test for a reduction(@) then needs ‘unit-root’ critical values. Thus,
model selection can be applied to most conditional spetifics on the original data, as a test of a unit-
root hypothesis in a level specification will almost neveirtsignificant. The one potentially problematic
setting is when several lags of an irrelevant unmodeled Vétiable are included: when all but one
of these have been eliminated during selectiostest on the last one cannot be written in the way
Sims, Stock, and Watson (1990) propose. Thus, slightiytdigtritical values seem advisable if that is
suspected.

The other main non-stationarity comprises changes inldigtons including location shifts (changed
means), breaks in unconditional variances and other m@nshape changes; shifts in parameters of
relationships between variables, etc. Clements and HEd888) and many other papers show that the
most pernicious changes for forecasts are location shitiich lead to systematic forecast failure for
all members of the huge class of EQCMSs, as such models cdr@ektto the previous location whatever
the new mean. Correspondingly, location shifts are redgtieasy to detect, whereas many other (mean-
zero) changes can be difficult to detect till long after tlogicurrence. Thus, we will focus on handling
location shifts in the context of model selection by inchgliin the candidate variables a saturating
set of impulse indicator$;;_,, t = 1,...,7T (denoted IIS for impulse-indicator saturation). Johansen
and Nielsen (2009) show that the split-half approach in Hgnibhansen, and Santos (2008) can be
generalized to dynamic regression models, and despitedimg) 7' additional candidate indicators, the
limiting distributions of the retained parameters of ietgrhave the same characteristics as if IS had not
been undertaken, other than a small increase in the limiimignce dependent on the critical value used
for selection.

When there are relevant variables;, excluded from the conditional DGP of a variable of interest
y¢, but correlated with included variables, a mean shift in the included variables’ DGP alters intetxep
in y;'s LDGP. To see this, let the conditional DGPgfbe:

y=0%+vw+e (3)

wheree; ~ 1ID[0,02], B # 0, v # 0, ande; is independent of the strongly exogenous varialsieand
w; which are linked in-sample by the projection:

wy =Y+ ¥x; + vy (4)



whenE [x;v}] = 0, and¥ # 0. Let the variables included in the conditional moggk; haveE[x;| =
41 in-sample. When the relevant variabkes are excluded, the conditional LDGP gfgivenx; derived
from (3) and (4) becomes:

Y=Y+ (B +7"C) 81+ (B +7'C) (x¢ — 1) +'ve + e )

where we have separated out the means sdithat— 61] = 0 and hencé [y;] = v'4+ (8" + v/ ) d1.
The model corresponding to a regression0bn (1, x;):

Yr = Ao + >\/1Xt + e (6)

matches the conditional LDGP (5) withhy = v/v» and\; = 3 + ¥'~, so estimation thereof will deliver
estimates of the parameters in (5).
When somex; are policy variables, changes in their means at firme 1 would alterE [x7| from d;
to E [x7+1] = 2. The actual outcome from (3), whé&rw| does not also change, would be an average
change iny of:
E[yri1] — Elyr] = B (62 — 61) ()

However, the shift ik would produce an average anticipated change, Usintp denote an expectation
based on (6), of:

Em [yr+1] — Em [yr] = N| (02 — 81) = (B’ +~'¥) (62 — 01) (8)

resulting in an unexpected location shiftf® (8, — d;). This could lead to an adverse effect of the
policy, induced in (5) by the shift ir7 interacting with the mis-specification of omitting a relavaorre-
lated variable, so is a violation of the super exogeneity,o6ee Engle and Hendry (1993). The solution
of including {w,} is addressed in the next section. Here we note that similtis shay have already
occurred in-sample, so before policy changes are implezdeatprior test for the super exogeneityxpf

is imperative to reveal such an impending problem. The testidper exogeneity in Hendry and Santos
(2010) uses IIS to ascertain the occurrence and timing attime shifts like(d, — ;) in-sample, using
an automatically created vector autoregressive modgtdf then tests whether they coincide in timing
with shifts like4' ¥ (8, — d1) found in the conditional mode}|x; where their significance would reject
the hypothesis of super exogeneity. Such co-breaking cipndetermine the source, and hence likely
conseguences, of shifts before policies are tried.

4 Empirical mode discovery

Model selection is not well regarded in economics: see amtmgs Coen, Gomme, and Kendall (1969),
Bock, Yancey, and Judge (1973), Lovell (1983), and Leeb d@ntsidRer (2005), but also the discussions in
Hoover and Perez (2000) and Hendry (2000). Many methoddedtgm do not seem to work well, but
it is anon sequituito conclude that no methods can work well. Moreover, mosiyéinal and simulation
results are for very different settings than the one thafroots economics, namely assuming only the
theory-based variables are relevant and provide a commsleespecification, but nevertheless selection
is undertaken, whereas in practice some of the key featuidagldata variability are absent from any
theory, and require to be discovered empirically. Recemtuacks follow from the first generation of
automatic selection methods in Hoover and Perez (1999), endry and Krolzig (2005), leading to
the third generation implemented Autometricsas noted above.

There are many ways to judge the performance of such algwsitibut some basic requirements
are that their null retention rates of irrelevant varial{igguge) are close to the nominal size,set for
selection; the retention rate of relevant variables (poteis not far below the corresponding power of a
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test in the relevant LDGP; and that the LDGP is located alm®siten starting from the postulated initial
general set of variables as when starting from the LDGFfitsek Castle, Doornik, and Hendry (2011).
More recent requirements are that automatic selection aadlé more variables than observations, a
situation which arises in a range of settings from generatliimear approximations to multiple breaks
using 1IS. Once the number of candidate variables to expldreexceeds the sample siZE, model
selection is both essential and unavoidable without iriblealaims toa priori knowledge of the world.
Analytical comparisons with other procedures become maattbough operating characteristics such as
gauge, potency and relative performance at locating the RD&h be evaluated by simulation.

Economic theories are often fitted directly to data to avaiggible ‘model-selection biases’. This is
an excellent strategy when the theory is complete and doiatless successful otherwise. We show
that by embedding a theory model that specifies the corréatfse relevant exogenous variables;,
within a larger set ofn + k candidate variablegx;, w;), our approach to selecting over the second
set by their statistical significance can be undertakenowitffecting the theory parameters’ estimator
distributions. This strategy keeps the same theory-pasnestimates as direct fitting when the theory
is correct, yet protects against the theory being undesiépe when somev; are relevant.

4.1 Selection when retaining a valid theory

Consider a theory model which correctly matches the datergting process (DGP) by specifying over
t=1,...,T that:
ye=B'% + ¢ 9)

wheree; ~ 1ID[0,02], ande, is independent of the: strongly exogenous variablgs, ..., x;}, as-
sumed to satisfy:

T
71 Z:xtxl'5 £> Sox
t=1
which is positive definite, and:

T 1 T
T1/2 (B — 60) = (T_l Z XtX:f) T_1/2 Z X¢€¢
t=1 t=1

BN [0,025)] (10)

whereg,, is the constant population parameter.
However, an investigator may be willing to contemplate tbegibility that an additional set df
exogenous variables; also influenceg;, so postulates the more general model:

y=0x+vyw+e (11)

although in facty, = 0. Thew, can be variables known to be exogenous, functions of thagget
variables in time series, and indicators for outliers orakee and we assume the same assumptions as
above for{e;, x;, w; }. The investigator regards the theory in (9) as correct amdptete, so wishes to
ensure that the, are always retained and not selected over (called forcduh.iSsue we address is the
possible additional cost of searching over the candidaiahasw, in (11) when retaining the,, rather
than directly estimating (9) whefk + m) << T.

Thex,; andw; can be orthogonalized by first computing:

R T T -1
r= (Z Wp(;) (Z xtx£> (12)
t=1 t=1
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and defining the residual by:

W = f‘Xt + ﬁt (13)
so that:
T
> xdi; =0 (14)

t=1
Using (13) in (11):

=08x+vwit+e=0%x++ <f‘Xt + ﬁt) + €
= ,3/+Xt + ¥ + €, (15)

where3, = B8+ f"'y. Note that3,, = B, becausey, = 0. Consequently, as (9) is the DGP, by
orthogonality from (14):

-1
T1/2 ( 5+ Bo ) — ! 25:1 xixy T Z; 1 XUy T2 2;21 Xt€t
¥ Ty Uex T7130, Ay T2 D1 Ur€r

(T Zt 1 XXy T-1/2 Zt 1 Xt€t
(T Zt un T2 Zt 1 Urey

)T
) T
B Npss [ ( Ewwlx )] (16)

Thus, the estimatq&i in (16) is identical tq@ in (10), independently of the inclusion or exclusion of
any or all of theu,;. Even after selection over thg at significance level, and corresponding critical
valuec,, say, by sequentiattests on each;, the theory-parameter estimator is unaffected by retginin
significantu; when~, = 0. For a Gaussian distribution and fixed regressors, the a‘cﬁi'rf}+ = B
is statistically independent of the test statistics usedelect, and therefore the distribution Bfis
unaffected by the selection over;, when in fact they are irrelevant.

The possible costs of selection are:
(a) chance retention by selection of somg, which may mislead on the validity of the theory model;
and
(b) their impact on thestimatedlistribution ofB, through mis-estimation af? in (16).
Against these, possible benefits are:
(c) the theory-model is tested against a wide range of @tmes; and
(d) when the theory is incomplete, the selected model wilelse mis-specified.
For (a), if allu; ; are irrelevant, then on averagé of theu; , will be retained by chance, with estimated
coefficienty,, where:

-1

{t%:(){ = SILPY[%’,Z] 2 Ca (17)

Settinga = min [1/k,1/T,1%)] is an appealing rule. Whefi = 100 andk = T'/4 = 25, say, then
becauséa = 0.25, the probability of retaining more than one irrelevant abke is:

=0

e 025 ~ 2.6% (18)



Moreover, under normality and lettifg> 2/c,, then:

Pr ([ty,=o| > hea | Ho) <

exp (—%2%) (29)

1
V2r
which is0.01% ath = 1.5 andco.o1 = 2.65. Thus, it is unlikely any|t,,—o| will be larger thanl.5c,.
Problem (a) can be resolved by rejecting a theory when mane ¢he of theu, ; are retained, or when
one is more significant thah5c,. In empirical applications, a simpler decision rule foretjng the
theory is that an (approximaté&)test on all the selected unforced variables is significamt;awhere
g < (.

Addressing (b), an unbiased estimated error variance uheéenull thaty, = 0, so that (10) is
correctly estimated, is:

T
Ez = (T - m)f1 Z (yt - ,B/ert)2 (20)
t=1

although under the alternative, (20) will be an overestan&istimates ofy; can be approximately bias
corrected if desired after their chance retention, as indrdeand Krolzig (2005).

The converse to (a) is (c), as the theory-model is testedisinaously against alv;, evaluating the
theory against a wide range of alternatives at little cast iiincomplete as in (d), selection will reduce
mis-specification relative to direct estimation, as we naseuss.

4.2 Retaining an incompleteor invalid theory

Under the alternative thag, # 0, directly estimating (9) will result in biased outcomes. wéwer,
when (11) nests the DGP, from (15) the coefficienkpbecomeg3,, + f"’yo, which will also be what is
estimated if (9) is fitted directly to the data. When (11) agdhe DGP, however, selection can improve
the final model relative to (9), as in Castle, Doornik, and tfgn(2011). While retainings; when
selecting from (15) will then deliver an incorrect estimate3,, some of theu; , will also be retained,
this time correctly, rejecting the validity of the theory ded. An estimate of3, could be derived from
the estimated coefficient &f; in (15), namely:

B+ = <501}770)

by B, = B, — (f"70> sincey andT are known.

4.3 Morecandidate variablesthan observations

The analytic approach in Johansen and Nielsen (2009) torstatkeling impulse-indicator saturation
(1S) also applies fok = T' 11D mutually-orthogonal candidate regressors under the Auld the first
k /2 of the variables and select at significance levet 1/7" = 1/k. Record which are significant, then
drop them. Now add the second blockkof2, again selecting at significance level= 1/k, and record
which are significant in that subset. Finally, combine trerded variables from the two stages (if any),
and select again at significance lewek 1/k. At both sub-steps, on averagé/2 = 1/2 a variable will
be retained by chance, so on average= 1 will be retained from the combined stage. Under the null,
one degree of freedom is lost on average. A combination adreipg and contracting block searches is
implemented in (e.g.Autometricsas described in Doornik (2009) and Doornik and Hendry (2009)

If the model also has relevant variables to be retaineds som = N > T, orthogonalize the
relevant variables with respect to the other candidatedasgea but in blocks: under the null, doing so



has no impact on the coefficients of the relevant variablethe@estimates. Whev > T, divide the
k variables into sub-blocks of smaller thdiy4 (say), settingx = 1/N overall. The selected model
retains the desired sub-setraftheory-based variables at every stage, and only selectdhtwvgutative
irrelevant variables at a stringent significance level.

4.4 Retaining avalid theory with endogenous variables

When some of the right-hand side variables are potentiallipgenous, the theory model is still:

yr = B'x; + € (21)
wherex; ism x 1, ande; ~ 11D[0, o2], but nowe; is independent of the > m instrumental variables
z1,...,2 Where(m + n) < T. The partial DGP for the variabldg;, x;) givenz, has the form:

yr = BTz, + 1,
x; = Iz + &

2 !
Q= < Ty O >
oy Sl
and (n,,&,) is independent o1, ...,z;, bute, = y — B'x; = n, — B¢, is correlated withx; as

Cov [xi6] = o¢p — QeP.
Then instrumental variables estimation of (21) coincidéth wvo-stage least squares (2SLS) and

where(n,, &,) arellD[0, ©2] with:

delivers:
R T T L/ !
B =B+ (Z XtZ:€> (Z ZtZ:€> (Z ZtXfe)
t=1 t=1 t=1
T T -7
X (Z xtz:f) (Z ztz;> Zztet (22)
t=1 t=1 t=1
so that: R
V2 (B=B,) & Ny [0.07Q7] (23)

where we assume:
1 & 1< !
Q= plim (T Zm?) (T > )

is positive definite. Let:

and define: R R R
Qt :HZt Wlth £t :Xt_ﬁt = (H—H) Zt+£t7

then a 2SLS reformulation that is algebraically convenignt

e =PO'% + e (24)
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where: N .
ee=c+ B8 =n+0(& &)

so that:;

plim — thet = plim - Zzt (nt +3 <£t £t>) =0

T%oo T—o00

When an investigator mcIudes an addltlonal set chndidate exogenous variables, consider the
partial DGP:

yr = Bz, + v'wy + 1, (25)
x; = Iz + &,

wherevy, = 0, and thex; are retained. Sincg, = 0, when thex, = ﬁzt andw; are orthogonalized as
in (13), from (25):

=B'% +ywi+n,+ 0 <£t - gt)
=0B'%++ (f‘Zt + ﬁt) +e =B X +v0 + e (26)
When (21) is the DGP, by orthogonality from (13):
-1
/2 ( B, - Bo ) (T 1XtX£ T-LY L R T2 e
¥ T Zthl ux, T Zthl uu; T2 Zthl uey

1
oo T7-125T &
(T Zt 1tht) /thlxtet
1
—1 PN 71257 &
( Zt 1utut> / D=1 Uret

0 > o0
3Nm+k[(0>,ai< o s )] (27)

Thus, the estimatcﬁJr in (27) is again identical to the estimat@rin (23), independently of the inclusion
or exclusion of any or all of th&;.

45 Assessing the validity of theinstrumental variables

When the equation is over-identified, the validity of thetinmental variables and any additional can-
didate regressors can be checked by the usual Durbin—-Wrhdautest against the most reliable in-
struments as the baseline: see Durbin (1954), Wu (1973)Handman (1978). Alternatively, the least
reliable instruments can be added to the theory-basediequaee Hendry (2011b).

5 A simulation illustration

Artificial data allow us to apply the approach in a setting veithe DGP is known and so can be judged
relative to various assumed theory models. The regresseist@hastic across replications, and gener-
ated as mutually orthogonal in population by:

Xt ~ |N10 [0, Q] (28)

IWe are indebted to Jennifer L. Castle for computing theselsitions.
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wherew;; = 1 andw;; = 0, Vi # j. Two conditional DGPs are considered:

Case [Al.y: = Bix1s + Poxay + €, (29)
Cases [B] & [Cliyy = [ix14 + Boxoyr + Baxsy + Bavay + €, (30)

wheree; ~ IN[0,1]. The coefficients3; = «/v/T are set to ensure all relevant variables have non-
centralities of) = 5, 3, 1 in the three experiments [A]-[C] described below.
The initial general model is:

10

yt—50+z5 %H-Z(S]Holt t;, + vt (31)
7j=1 7=1

where N = 11, except when the indicators are included for IS avid= T + 11. In case [A], the
DGP is (29) where the relevant regressors @are andz,; som = 2, and these are also the forced
regressors in (31), thereby implementing a ‘correct’ theaw in§4.1, while searching over the intercept
andxsy,...,x104. In case [B], the DGP is now (30), where the relevant regresamex ¢, ..., 24
som = 4, and the theory again specifies,; andx, ; to be forced, which is correct but is incomplete,
mimicking §4.2. In case [C], the DGP is again (30) but the theory modetifips thatz; , andxs ; are
relevant, and hence these are retained, whereas the okbeantevariablesc,, ..., x4 are searched
over, so the theory is both incorrect (as; is irrelevant) and incomplete. Selection is undertaken at
a1 = 0.01, with diagnostic testing to represent standard usage, thilfr-test of the theory model at
as = 0.005. T = 100, andM = 10, 000 replications are undertaked( = 1, 000 for IIS).

Results are calculated excluding any selected indicatbesWilS is used. We report the gauge (null
retention frequency) for the irrelevant variables sigaificin the selected model, the potency (retention
frequency for relevant variables, where a forced relevaritible has a potency of unity), and the average
theory rejection frequency at, (denoted ATRF), defined by:

retention ratgp; = M ZZ 1 (5] i£0) j=0,...,10;
potency = 1 ZJ P

gauge = w5 (Po+ ZNoaiiB)

ATRF = a7 it Lok, <as)-

whereéj ; denotes the OLS coefficient an ; in replication: if selected (zero otherwise), am%] ﬁéo
the indicator variable, equal to unity when the argumentis ind zero otherwise. In case [C], however,
gauge include$s only when|ts,—o| > 1.5¢,,, SO even though the incorrect theory foregg, m = 4
for calculating potency. AlsgF denotes thg-value of theF-statistic for testing the joint significance
of the set of selected, but not forced, regressors in the firzalel. We also report the percentage of
replications in which at least one unforced variable ftad-o| > 1.5¢,,, the test in (17) denoted NU,
the percentage of replications where no unforced variabke selected (denoted NUVS), and when 2 or
more unforced variables were selected (2UVS).

A number of aspects of the analysis in section 4 are highdijbly the illustration. First, from Table
1, case [A], the theory is of course always retained, evethi®mnon-centrality of unity, a setting where
the relevant theory variables would rarely be significant@mventional-tests even at 5%: see Leeb and
Potscher (2003). The gauge remains close;te= 0.01 throughout. Usingts,—o| > 1.5¢,,, the theory
was rejected 0.2% of the time, somewhat larger than dernaed (19), as against 3.5% on the simpler
F-test. From the analysis in (18), when = 0.01 andk = 9, thenka; = 0.09, with p; ~ 0.4%,
which is smaller than 2UVS, wherea80ka; = 9, so no irrelevant variables will be retained roughly
91% of the time, matching NUVS. In case [B], where four valesalare relevant, the costs of not forcing
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[A] [B] [C]

" 5 3 1 5 3 1 5 3 1
potency| 100% 100% 100% 99.1% 80.8% 52.4% 98.6% 71.3% 28.9%
gauge | 1.3% 1.3% 1.3%| 1.7% 1.6% 1.3%| 1.8% 1.7% 1.3%
NU 02% 02% 0.2%| 95.8% 31.8% 0.6%| 98.8% 42.4% 1.0%
ATRF | 35% 3.5% 3.5%| 99.8% 77.8% 8.5%| 100% 88.8% 11.5%
NUVS | 91.1% 91.1% 91.1% 0.1% 16.2% 84.8% 0.0% 6.4% 80.7%
2UVS | 1.7% 1.7% 1.7%| 96.7% 44.9% 2.8%| 99.7% 68.9% 3.6%

Table 1: Selection with retained theory

retention of two of these are shown by the lower potency, wlitalved for) = 1, and the low rejection
of the theory in that case. Conversely, when the theory isgsy wrong (¢ = 5), the rejection rates
are high. In case [C], so the theory is both incorrect andriyglete, and only one relevant variable is
automatically retained, the potency remains highfoe 5,3, as does the rejection of the theory, and
the gauge remains low.

[A] [B] [C]

P 5 3 1 5 3 1 5 3 1
potency| 100% 100% 100% 98.1% 77.1% 52.5% 97.1% 67.2% 29.1%
gauge | 1.3% 1.3% 13%| 1.3% 1.6% 1.2%| 1.4% 15% 1.1%
NU 0.7% 0.7% 0.7%]| 96.2% 39.8% 1.9%| 99.0% 52.1% 2.5%
ATRF 7.8% 7.8% 7.8%]| 99.6% 73.9% 13.0% 100% 86.4% 15.5%
NUVS | 89.3% 89.3% 89.3% 0.3% 23.1% 84.3% 0.0% 10.7% 80.9%
2UVS 09% 0.9% 0.9%| 93.6% 38.7% 2.2%| 99.4% 60.9% 3.3%

Table 2: Selection with retained theory using 1I1S

Despite addingl” additional impulse indicators and needing a generalizagche the results with
IIS are close to those without, so the extra costs of searchegligible. Case [A] matches the analysis
in Johansen and Nielsen (2009), where the rises in NU and AfRFbe due to not bias correcting the
error variance estimator for selected impulse indicatelgreas the drop in 2UVS probably reflects the
lower efficiency of the expanding search component of therahgn.

Overall, while a simple illustration, the findings are catsnt with the earlier analysis and suggest
that retaining theory while searching over orthogonalizaddidate variables and allowing for the pos-
sibility of multiple breaks has low costs when the theoryasrect and complete, and can reveal defects
when it is not. The easily implementé&dtest has a reasonable null rejection frequency and goo@mpow
for both larger non-centralities when the theory is incagtglor incorrect.

6 The problems of economic forecasting

The theory of economic forecasting was developed by Haav€l®44) for when an econometric model
coincided with a stationary DGP. Considersarx 1 vectorx; ~ f,(x;|X;_1, 0) for 8 € ® CR*, where
X1 = (...x1...%1). A statistical forecast foxr,, is given byxr - = gn (X7) at a forecast
origin 7. The key issue concerns how to selggt(-), and both his—and the conventional answer—is the
conditional expectation:

iT+h\T = E[x74n | X7 (32)
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which is unbiase&|[(xr 4 — X71n7)|X7] = 0 and has the smallest mean-square forecast-error matrix:

M [Xpinr | Xr] = E {(XTJrh — Ry inr) (Xren — Xegnr) | XT} (33)

So why do forecasts fail so often?

One answer is that econometric models are poor approxingtio the conditional expectation.
There are nine possible mistakes in a forecasting modelelyarfi) equilibrium-mean shifts;ii) slope
changes;ifi) equilibrium-mean mis-specifications; (iv) slope mis-gfieations; {) forecast-origin mis-
measurementsyi) equilibrium-mean mis-estimationvi{) slope mis-estimationy{ii) omitted variables
(including functional form mis-specification); anik) unobserved innovation errors. Although all con-
tribute to worse forecast accuracy than would occur in thkgence, in a stationary, ergodic world (so
excluding {) and {i)), forecasts from least-squares estimated models unoomally attain their ex-
pected forecast accuracy despite mis-specification, asrshg Miller (1978). Consequentlyjii()—(ix)
would not in general induce forecast failure under statityal hat suggests that non-stationarity is the
culprit, and indeed few economic theories allow for unapéited shifts, although these occur intermit-
tently empirically, as stressed above.

If x; ~ fy, (x¢|X¢—1,0) changes ovel’ + 1,...,T + h, then the statement in (32) is not well based
and for the conditional expectation to be unbiased, neells teritten as:

Xt = Bt (X140 | X7] (34)

That:
Bt [(X7+h — Xpqnr) | X7] =0 (35)

is of little relevance wheffy,. ., (-) # f.. (). In particular, as shown in Clements and Hendry (1998)
inter alia, unanticipated location shifts are pernicious for for¢éiogsas the mean forecast is centered
on the incorrect value. While an unanticipatable event alsly cannot be forecast, once a shift has
occurred, some models are, and others are not, robust. tinytar, EQCMs fail systematically as fore-
casts continue to revert to the (wrong) in-sample equilibrimean: see Castle, Fawcett, and Hendry
(2010). However, the difference of an EQCM is robust once pdecation shift: see Hendry (2006).
Thus, the effort of building, selecting and evaluating aotlgeconsistent, congruent and encompassing
model of an LDGP is not wasted even if location shifts occst jrior to the forecast period, as the dif-
ference transform of that model can be used to avoid sysiefoatcast failure yet retain all the policy
implications.

7 Conclusion

Model selection has had numerous critics from ‘data minindg‘ovell (1983) through Leeb and Potscher
(2005). Yet the key implication of the above analysis is thigtalmost costless to check large numbers of
candidate exogenous variables when retaining a theosdbsizecification. The retention of the theory
variables ensures that there is no selection over the pseesnef interest, so that the distributions of
their estimates are unaffected by selection over the oothaized set of candidates. Under the null that
all those candidates are irrelevant, the parameters aebttare unaffected by the reparametrization and
therefore by selection.

Conversely, there are substantial benefits if the initiat#jcation is incorrect but the enlarged model
nests the data generating process. Our procedure allowsestigator to discover what variables actu-
ally matter empirically in addition to those incorporatedthe theory, even with endogenous variables
and when there are more potential variables than obsengat@Essentially pre-empting most seminar
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guestions of the form ‘did you try my favorite variable(s)While controlling the null rejection fre-
guency. We have drawn heavily on Haavelmo’s legacy in thisaatof empirical model discovery to
help achieve his aims.
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