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Abstract

The three ‘intractable’ problems are: selecting from a §peofectly collinear variables the sub-
set which actually enters the DGP; selecting a regressiatehwehen there are more variables than
observations; and selecting a model when there are endoggadables in simultaneous equations,
but noa priori restrictions. Using a variant @ets each problem is embedded in the theory of re-
duction, and a viable approach shown, exploiting the prigxeof a new tool to solve previously
intractable problems.

1 Introduction

We consider the application of general-to-speci@{9 model selection procedures to three problems
conventionally deemed intractable. First, when there aréeptly collinear variables; secondly, regres-
sion estimation with more variablesthan observation§’; and thirdly selecting equations which are
embedded in a simultaneous system, bua poiori restrictions are known. In each of these settings, the
initial general unrestricted model (GUM) cannot be vialdjimated at the outset. Instead, we consider
‘subset selection’ across combinations of candidate bsa each leading to a terminal model, such
that the intermediate models are always identified and abten It is assumed throughout that the DGP,
if known, is identifiable and estimable from the availableagand the only problem is selecting the
relevant regressors from the candidate variables. Forgeamealyses o6ets seeinter alia Hoover and
Perez (1999), Krolzig and Hendry (2001), Hendry and Kro{2g01, 2003, 2004a), Campos, Hendry
and Krolzig (2003), Granger and Hendry (2004), and Campass$on and Hendry (2004). To un-
derstand how each of these problems can be tackle@getscan be viewed as a tool that extends the
available technology and hence renders feasible preyidnishctable situations.

For one class of perfectly collinear variables, exploritiglee feasible identified paths highlights
which minimal subset actually enters the DGP. Commenciomfeach ‘redundant’ variable in turn,
variables are eliminated till (a) a non-collinear groupadsirid and then (b) only a significant subset
remains as selected by the usRalGetsprocedure. The artificial data illustration shown belowas<
sistent with the feasibility of this approach.

Whenn > T, regression models based on subsets,of 7'/2 variables are exploreskriatim and
a new joint model is formulated from the terminal models ctelé from these subset combinations, to
which PcGetsis then applied as usual. We show that the DGP can again be toythis approach,
first for the specialized case of orthogonal regressors, shggest how the analysis can be generalized
to correlated variables. ‘Negative’ correlations are showbe problematic, but recombining the initial
blocks is likely to alleviate the main difficulties. Henddphansen and Santos (2004) study in detail
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the special case where indicator dummies for every observate included in a locatio/scale model.
We also comment on the application of our approach to safgétirecasting equations, and for select-
ing non-linear representations: Castle (2004) provideamplication of these, which also compares
RETINA (see Perez-Amaral, Gallo and White, 2003, 2004) Wwiticets

Thirdly, econometric model selection is apparently esgigcdifficult when the parameters of in-
terest are those of simultaneous equations: key issuegroandogeneity of potential regressors, the
validity and ‘strength’ of putative instrumental variableand the identification of the resulting equa-
tions. It transpires that conditional on knowing the set lbirstruments (i.e., all weakly exogenous
conditioning variables), jointly selecting identified edjons for the endogenous variables and instru-
ments can be viewed rather differently using this new toat] we describe how that can be achieved.
The key conceptual step is that simultaneity is a poterdidiliction on the parameter space of a system,
not a generalization from a ‘reduced form’ to a simultanesystem. An earlier example of a related
shift was the realization by Sargan (1980) that autoregresssiduals are a restriction on a dynamic
equation and not a generalization. In fact, the idea thatilsgmeous equations models are reductions
of conditional systems has been explored previously in timext of programming (see Hendry, Neale
and Srba, 1988), modelling procedures (see Clements anehMif91), model evaluation (see Hendry
and Mizon, 1993), and testing particular ‘structures’ freaonomic theory for being valid reductions
(see Hall, Mizon and Welfe, 2000). However, the possibilifyelecting simultaneous equations speci-
fications in the absence of any prior information is more Ssiny.

The paper is organized as follows. Section 2 explores thielgmo of selecting from a set of per-
fectly collinear variables. Then section 3 looks at mod&a®n when there are too many regressors
for the available sample. Section 4 considers selectinglsmeous equations models, first formulating
the setting, the role of identification in the DGP, and theiodf instruments for each endogenous
variable, which then characterizes the system. Subseététhen explains how to construct an identi-
fied simultaneous representation, illustrated by a theadetivo-equation model, and an artificial data
example. Section 5 concludes. An appendix records therdUPEsetsalgorithm.

2 Perfectly collinear variables

Sometimes economic theory is unable to specify the preeisgant lag transformations, which might
involve combinations of levelsy(), differences {\z;), distributed lags4;, z;_1), and moving averages
(Z: = 2t + z+_1), etc. where a subset of these determines a varighlden the maximum lag is known
to be one. Despite the perfect collinearity, all four valéaljust noted can be entered, and if only multi-
path searches are used, the correct combination selecteddxsts subject to the usual probabilities of
retention of relevant and irrelevant variables.

Consider a setting in which the following data generatioocpss (DGP) is postulated:

ye = Bolizyze + Bl 21 + Bolyz )2 + B3lia Az + v (1)

wherev; ~ IN [0,02] and 1, are indicator variables that take the value unity if the esgor in
question enters the DGP, and zero otherwise. At most tweatalis1;;, are unity, but the investigator
does not know which, so formulates the general unrestrictedel (GUM):

Yt = Y02t + Y12—1 + Y22t + v3A 2z + uy. (2)

The regressors in (2) are perfectly collinear, and congeatiinversion routines will arbitrarily assign
that singularity to some subset, not necessarily retaitiegappropriate set.



Instead, consider a sequence of search paths commencimgefrery variable in turn, which is
deleted, then every next variable is deleted, and so on., Tisisdrop Az; (say) which still leaves a
collinear set, the@; which leaves a non-collinear set for which a conventionata®can be conducted
and a terminal model selected. Then starting afresh fromd{®@p z; thenz;_; and so on, such that
4 initial paths, 3 second paths for each of these, etc., gr@m®d. In each case, once a non-collinear
set results, the usual algorithm shown in the appendix canat@ Say, for example, onlya ., = 1,
then such a terminal model will be explored along severdigathould be selected on some wiigris
sufficiently significant in the DGP, and will parsimoniouslgminate the other selections (e.g., on the
Schwarz, 1978, criterior5IC). There are 11 possible models, including the null, of wtoaly 6 are
distinct.

We conducted five small one-off experiments on artificiabdahere, in turny; depended on: (a)
Ze; (B) Az (€) z; (d) z:—1; and (e)z; and Az; but in each case all of;, z;_1, Z; and Az; were
entered as regressors in the GUM [REGetss not yet programmed to follow all the feasible paths, but
as a partial implementation (namely searching once a nbime&ar set was imposed) gave the correct
answers in (a), (b), (c) and (d), but in (e) selected the mdh®gonal representatios; andA z;, which
is of course an equivalent representation. Selecting pbreSICacross all the possible models in each
case would deliver essentially the same outcomes hereedindie the current example, an investigator
could simply estimate the conventional distributed lag el@gd = ~oz: + v12:-1 + u; and decide ex
post from the parameter estimates how to transform or siyrniple model.

Nevertheless, this is our first example of how the new toolyeald new insights: one might have
suspected that perfect collinearity was insoluble, buttinpaith searches can resolve the choice. In
retrospect, the solution is seen to be simply an automatiomhat many empirical modellers do in
practice, a theme that will emerge again for the first caskeémext section. More sophisticated aspects
of the search process usually employedRgGets such as pre-search tests designed to reduce the
computational burden of path exploration, would arbityagliminate whatever variables the inversion
routine happened to treat as redundant, and so precludaditited most useful representation. Indeed,
the outcome may depend on the order in which variables aezeshin the regression. Thus, the pure
multi-path search approach following from Hoover and P€t€89) is seen as the key ingredient here.

3 Model selection confronting too many regressors

We have several times been asked about this rather diffesiegular case’ by investigators who have

had to confront an ‘excess variables’ problem when modgliamelyn > T. Some researchers seem

to have included small blocks of variables in their searctsignificant regressors, but we doubt such a
procedure will be effective, and propose instead the vadhGets now described.

3.1 Adding 7" indicator variables

We first note the behaviour for regressions which are ‘stdidy indicator variables, as studied in
more detail by Hendrgt al. (2004). Consider an observed random variale- IN [u,0?2] for t =
1,...,T, wherey is the parameter of interest, but an investigator is corafyleincertain where outliers
(if any) may lurk. She therefore defines a saturating sét ofdicator dummied; = 1,_;,,, one for
everyt;, and wishes to regresg on {u, I;,t = 1,...,T} (although any indicator could be dropped
without loss). Clearly, a perfect fit will result from such egression, with every indicator ‘infinitely
significant’, so nothing is learned.



Consider instead entering half of the indicators (egfor t = 1,...,7/2) together with the inter-
cept, then that GUM is selected from, and the resulting tesinnodel is stored. Now enter the other
half (1,1;, t =T/2+1,...,T) and repeat, again storing the result. Finally, formulatecalel where
all significant selected indicators from the two terminald®aloare combined, and re-select. Clearly, the
‘perfect fit’ problem does not arise. Moreover, sincE outliers will occur on average for a significance
level a, thenaT indicators will be selected on average. It may be thoughtttiehuge number ¢f' /2
indicators entered in each stage might induce spuriousfisigmce, but all that happens is that those
observations are ‘dummied out’ for estimatipgwhich is then just the mean of the remaining sample.
Thus, even in this extreme setting of saturating indicatarfeasible algorithm exists. Notice also that
‘repeated testing’ does not occur, in the sense that anatatievill be significant at level if and only
if there is ana-level outlier at that observation. Additional regressensail an inability to add half the
indicators at each stage, and may necessitate exploringications, but do not otherwise affect this
analysis. Thus, the distribution of this procedure undemihll can be established.

Interestingly, under the alternative siftakes two values andp*, pre and post™ say, then provid-
ing each sub-sample includes indicators covering all ofotteak, then blocks of; will be significant
with an average value equal fo— p*, and thereby reveal a step shift. Moreoveryif; had been
included as a regressor, when there were no indicatorsjttheoefficient would reflect the step shift by
being close to unity, removing the break except at its endtpaihere impulses of roughly equal mag-
nitude, opposite sign would be created: a conventionali@uemoval’ approach would then conclude
with the incorrect model, albeit one which might be fine falefzasting. Amalgamating these blocks of
indicators would clarify that there is a step shift, but nmayics, in this simple case. Thus, there are
clear uses for a ‘saturation’ approach. An example in a esesfon context is provided by Hendry and
Krolzig (2004c).

3.2n > T regressors

Now consider the more general situation of two groups ofameis relevant to determining a variable of
interesty,, denotedx; ;, fori = 1,2, of dimensions:; << T respectively where = n; +no > T, but
both (n; andns) are sufficiently smaller thail’ for regressions on them to be estimable. The analysis
can be generalized for more groups, although the compuotdtimrden rises in a combinatorial fashion.
Many of the elements in each set need not have an effect, bsaueme components of each are
relevant. Fot = 1,...,T, let the DGP be:

2
ye = Bixit+e wheree, ~ IN[0,07], (3)
=1
where the3, contain many zeros, such that the remaining non-zero paessneumbek << 7. The
central case is whene, = ns, S0 two ‘general models’ are considered of the formdenotes ‘claimed
to be distributed as’):
Yy = ’Y;'Xjﬂf + Uj.t where Ujt & IN [0, 0'37} , (4)

Then as neitheB, = 0, the selected model from each of (4) will not coincide witattbelected from (3)
when the latter is estimable. If (4) cannot be estimated;dsvide further; however, two sets explains
the logic. We assume that all the models are congruent @gheis own information sets, perhaps by
design, otherwise consistent covariance estimators edtrto be used initially (see White, 1980).

In more detail, first select the best model from:

Yy = '7,1Xl7t + Ui, %)



to get the first terminal model:

Y = Xlxit +v1,; wherewvy; + IN [O o2 ] , (6)

) U1

wherex] ; denotes thex] retained components of; ; such that all elements of; are ‘significantly
non-zero at a relatively loose levél
Similarly for x, ;, commence from:

Yr = YaXat + Uz (7)
to get a second terminal model witlj regressors:
Y = AoX5, +vay Where ey, - IN[0,07,] . (8)
Now, assuming:; + n3 < T, re-start the selection at the overall desired significdewel o < § from:
g = 01x], + 05x5, + & where & - IN[0,07] (9)
to end with the final selection involving}* + n4* regressors:
ye = p1X7; + phx5y + 1 wheren, - IN [0, 0727] . (20)

This provides the selection approximating (3).

An important variant is to ‘cross-over’ the variables. Fpartition each ofk; ; andx, ; into two
halves, producing four groups. Now select (say) the firstdsabfx; ; andx,; as another GUM, then
the second halves (assuming the ordering is arbitraryh the cross-pairings. Add all the variables
selected in the resulting terminal models from those searels the next GUM. There as€’y = 6
combinations [(1,2), (3,4); (1,3), (2,4); (1,4), (2,3)] e investigated, but such a procedure is easily
automated.

3.3 Properties of the selected model

If x1 ; andxy ; are mutually orthogonal in the population, and (9) is felasithen this procedure delivers
the correct answer unless the significance of the relevaiathlas is close to marginal, so the improved
fit of the combination is essential to retain them. Criticalues will probably need to be loose in the
early subset selections to avoid that problem. Conversgliyygent critical values will probably be
needed at the final stage to avoid retaining too many vasatbiat are significant adventitiously. If,
say,n; = ny = 100 < T = 150, then a 1% level would only entail 2 irrelevant variablesietd on
average despite 200 candidate variables at the start. Wedinsider thdlD case, so the sub-models
are congruent but incomplete.

At stage 1, selecting from (5) when the DGP is as in (3), underarthogonality condition that
MLQ = E[X17tX,27t] =0:

Uy = ﬁ/gxzt + € (11)

S0+, is unbiasedly estimated, but with the equation error vagafo? + 3, M, » 3, under stationarity,

whereM; ; = E[x2 x5 ,]. Thus, the primary problems are lack of significance of \deis that matter
due to ‘underfitting’, and retention of:

« (n1 — /6‘1)

irrelevant variables on average when a test of sizis used. Here, we imagine = 0.1 at stage
1, to minimize missing variables which matter. For examgle;; = 100 andk; = 10 (say), all



relevant variables witlrvalues in excess of about 1.65 in absolute value (as judgied uﬁl) will be
retained together with 9 irrelevant variables. WM, >3, is large compared to? even important
variables might be missed, hence the need to include maieyeatit pairings of sets of regressors. One
variant is to select the first subset by the simple correiatizetween each, ; andy; to ensure that all
obviously important regressors are included from the autseis done in RETINA. A second variant
worth exploring by simulation is then to retain from everyniénal model for addition to the next step
all variables that are highly significant, and thereforetdbate importantly to the goodness of fit. Then
a more stringent selection criterion could be used, reduttia chances of retaining spurious variables
at intermediate stages. Such additions would cumulatea@sative blocks were investigated.

Similarly for selecting from thex;;. Between the two intermediate terminal models, about 40
variables will result for the example in the combinationtw terminal models:

AN AN
yr = 01x7, + 05%x5, + &t

At stage 2, setv = 0.01 (say), so only about 2 adventitiously-significant varigbléll on average
be retained from the initial 200, whereas all relevant \@esa that have absolutevalues in excess
of about 2.6 in the DGP will be retained. Alternatively, degimg on the investigators loss function,
o = 0.025 would be closer to the value implicit i8IC, and should retain all variables with absolute
t-values in excess of about 2.25 (thereby including potiytiairrelevant). Such trade-offs between
size and power should be an explicit consideration id désigtihhe selection strategy.

The third stage of cross-over is necessary for populatitimegonal variables, as these cannot be
jointly orthogonal forn. > T', and may deliver additional relevant variables in some itreahmodels.

If x;+ andx,; are positively correlated, efficiency of selection is loween if a regression can be
conducted in a single stage, and so must be lower for the staljie process proposed here. Never-
theless, the procedure is likely to work quite well, since ifitercorrelations should entail that proxy
variables improve the fits at the intermediate stages, wéhichuld raise the probability of retaining the
relevant variables within each subset. When the ‘corresgressors are included in the final model,
proxies should be eliminated, subject to the usual cavéfatstiag collinear situations.

The most difficult case is whety ; andx, ; are negatively correlated given that all thgparameters
are positive, since then each sub-set needs to be includéutefother to be included as well. In practice,
some negative correlations are likely, with some near grhal and others positive, so cross-matching
is needed to ensure all appropriate pairs at least are ajoiagly included (high-order interactions may
be problematic).

On a 40-variabldID, orthogonal regressor illustrative artificial data set @fobservations with 10
relevant regressors, spanning population t-values frof) Bsing the Liberal strategy, the least sig-
nificant variable of the 10 relevant regressors was missadl oae irrelevant was retained when four
combinations of two blocks of ten were used. However, ondyrtiost significant 7 relevant variables
were retained if only two starting points of twenty variablgere tried.

When the data are ndiD, so sub-models may be non-congruent, HAC coefficient stanelaors
may be needed during intermediate stages to ensure thanh&rmodels include all DGP-relevant
variables, but should not be needed at the final selection (8): see e.g., Andrews (1991).

3.4 Selecting forecasting models

An algorithm forn >> T allows an alternative approach to ‘factor forecasting’ lmels, where an
excess of variables is virtually bound to occur. The analirsiHendry and Clements (2001) suggests
that existing proposals such as Stock and Watson (1998)dwteatial drawbacks should any individual



variables matter for forecasting. The above selectiongmoe could be automated, although 6 sub-
blocks or more might be computationally demanding. The ofskn excess of ‘spurious’ variables is
less relevant in a forecasting context, since the factoys/ay attribute some weight to most variables.
An obvious additional variant in this setting is to includhe ffirst few factors as regressors in all initial
models, thereby viewing the approach as one of detectingi@ul salient effects, as well as possibly
replacing the general factors by a subset of ‘relevant’aggprs.

3.5 Selecting non-linear models

A relatively common approach in a non-linear setting (sean@er and Terasvirta, 1993) is to fit non-
linear models beginning from a previously selected linepresentation. Such an approach is analogous
to simple-to-general in two respects. First, moves betvetigtiies are almost bound to be simple to gen-
eral, which has poor properties—and may be why empiricahades are so difficult. Secondly, how-
ever, any extension of a model should commence from a morergleexemplar than the best selected
earlier representative, otherwise in-built restricticas preclude finding the appropriate generalization.

Instead, we propose commencing with a general polynomiptcxpmation to the non-linearity
(which needs to be identified, but could be cubic, or everomati...). Add in the proposed logistic,
squashing or desired functions one at a time, and test iféRplain the non-linear components of the
approximation. This avoids the lack of identification undee null, and also directly tests that the
postulated functions are the correct ones. A mathematigtihe takes the following form.

Let the DGP be:

Y= f (210 20) T & (12)

wheree, ~ IN [0,02]. The GUM takes the form, under separability for some tramsétionsg; (-)
(which includes classes like polynomials):

k

Yt = Z iﬂi,jhm (zit) + vt (13)

i=1 j=1

where all the basic relevant variables ; . .. z; ;) are assumed to be known, but the most appropriate
parsimonious functional forms are not. We only considerdhge where the number of variables in
the set{h; (z;+)} is sufficiently less than the number of observations thaptieeedure of the earlier
section is otiose; the generalization is otherwise cla#rplobably tedious. In the case of polynomials,

for example:
Zﬁl,j i,j Zzt Zﬁl,j Zit (14)

Naturally, the GUM must be tested for congruence beforeq:afdmg. This will ensure that inferences
on possible reductions are validly undertaken: a mis-§ipedcGUM would deliver inconsistent esti-
mates and inappropriate standard errors, so the validitgchfctions could not be judged. This remains
a major advantage of commencing from a congruent GUM relatiwther approaches.

However, while congruent, (13) may be highly over-paramiee, with a parsimonious approxi-
mation (e.g., by STAR functions) believed feasible of therfo

k s
ye= Biozie+ Y aigi(zig) +vr. (15)
i=1 i=1

The linear component has been explicitly delineated asdimaining terms are intended to capture the
non-linearities evident in (13).



The next step is to test for a reduction of (13) to a linearesentation:

k
Yt = Z Bi0zit + vt (16)
=1

If that reduction is accepted, then (16) is the final modekhét reduction is rejected, however, non-
linearity is established, so construct one of the functigrs; ;) corresponding to a non-linear compo-
nent, and add it to the model in (13) as a ‘fixed regressor), @ree whichPcGetsmust retain), to check
if the optimized outcome allows the elimination of more tl@re?; ; (2;), so a reduction is indeed
achieved. If the remaining terms are not linear, continugiregy; (z; ;) functions till (15) is obtained,
or that plus additional non-linear terms.

Several potential issues arise. First, théz; ;) may be perfectly collinear with the functions al-
ready in the model. Then, one of those could be eliminateth¢wt loss), and a potential reduction
investigated for the remaininky; ; (2;+). Secondly, the parameters gn(z; ;) may be imprecisely es-
timated until reductions are achieved. That spread of m&ion will not matter, a®cGetswill seek
to eliminate only the redundant ; (z; ;), not theg; (z;+) — if the parsimonious specification is correct,
the final model (15) will be as well estimated as feasible.rdli there may be no feasible reduction.
This could occur for two entirely different, but easily digjuished, reasons. In the former, it happens
because thg; (z;;) are not the appropriate approximation, in which case thecésteda; estimate
will be insignificant, so that avenue should be dropped asaguygtive. In the latter, the associategd
estimate is also significant in which case (13) was not safiity general as an initial GUM. In either
case, crucial additional information is learned about tatire of the non-linearity that other methods
seem unlikely to capture.

Experience to date with RETINA (see Perez-Amaitadl., 2003, 2004) suggests that a very stringent
initial significance level is desirable in deciding on thegence or absence of non-linearity, partly be-
cause so many non-linear terms may need to be tested. RETdN&vas that by using three sub-sample
splits, but the evidence in Lynch and Vital-Ahuja (1998) adehdry and Krolzig (2004b) suggests that
is not an optimal use of the available information, albettttine efficiency loss is not large. Equally,
different significance levels may be useful for the nondinand linear components, since avoiding
overfitting for the former can produce low power for the latteee Castle (2004), who also compares
RETINA with PcGetsfor both linear and non-linear models using cross-sectimh tane-series data
sets, as well as by Monte Carlo.

4 Selecting simultaneous equations models

The properties ofsetsderive from the theory of reduction (see Hendry, 1995), soamproach is to
embed the selection of linear simultaneous systems in lieary, conditional on a prior division into
endogenous and non-modelled variables (all of which mighlalgged endogenous). First, the linear
conditional statistical system (also called the ‘reducaunf) is formulated, noting that such a system
is always identified. That system is then tested for congrereance the initial system is congruent, all
later selections can be chosen to be so as well. If congrusramepted for the unrestricted represen-
tation, a parsimonious version of the system is then saleetesuring that congruence is maintained,
such that all right-hand side (regressor) variables amgfgignt at the desired level in their associated
equations: this step is to avoid later ‘spurious identifag@tby excluding what are actually irrelevant
regressors from some equations based on their (insigrifipa@sence in other equations. Then pos-
tulated endogenous variables are adgdedatimto each equation in turn, matched by eliminating one



regressor, to see what further reductions can be achiewbe egressor set, contingent on maintaining
identification. There are two main possibilities in any éguafor further reductions in the regressor

set:

(1) no further reductions are found;

(2) one or more further reduction are feasible.

The first case entails the existence of an equivalent equadithat already specified, so the choice re-
verts to the earlier system equation. The second casesovail-identification of the proposed equation,
which restriction is then testable, since the eliminatgtitthand side variable must be a determinant of
the added left-hand side one, and is already significanteliyedentifying the endogenous effect.

Each equation is considered in turn in this instrumentabées approach. Throughout, the rank
condition (as implemented iRcGive see Hendnet al,, 1988) is imposed as a constraint, so the ‘same
equation’ is not included twice, and the current ‘partialisture’ is always fully identified at every step.
Since the initial system is identified, all later selectiomsst be as well. Here we use ‘structure’ (in quo-
tation marks) to denote an equation with more than one emaagevariable, without any connotations
that it really is structural (i.e., invariant to extensiarfghe information set for new variables, over time,
and across regimes).

Weak instruments show up as a poorly determined initialesgsor requiring a loose significance
level for instruments to be retained: see section 4.5. Ttht#s but does not resolve, the problem which
lies in available information, not the performance of arlgston algorithm or modelling approach. The
choice of instruments can be madeRgGetgsee Hendry and Krolzig, 2001, related to the approach in
Hall, Rudebusch and Wilcox, 1996) both to determine théavance for each endogenous variable, and
to test for instrument mis-specification as part of the coagce check. Finally, while our approach is so
far only worked out for zero restrictions on linear systersmg instrumental variables, generalizations
to other forms of restriction, other estimators such as mari likelihood or quantile regression, and
to non-linear equationimter alia seem feasible in principle.

Section 4.1 describes the notation for the system and itsctsiral’ representation; section 4.2
specifies the local data generation process, and sectiaoAsiders its identification; then sections 4.4
and 4.5 respectively consider selecting the instrumenmtidbles and the problem of weak instruments,
allowing the formulation for jointly selecting the endoges variables and instruments in each equation
in section 4.6. A 2-equation example in sections 4.7 andldi8triates how the approach works both
theoretically and on an artificial DGP.

4.1 Formulation

Consider a general unrestricted systenmoéndogenous variables where there are candidate re-

gressor variables; = (z¢...2,) overasample =1,...,7 > (n+m):
n
Yit = Z 1/}7;7]'2’]'7,5 + Vit where Vi g ~ IN [waii] . (17)
j=1

Lagged variables may be included gg, but any contemporaneous regressor variables need to be
weakly exogenous (see Koopmans, 1950b, and Engle, HendrRighard, 1983). An important spe-
cial case of (17) is a vector autoregression (VAR) where{the} are all lagged{y; ;}. Congruence
requires the stated assumptions on {bg; }, the constancy of th¢y; ;}, and the weak exogeneity of
the {z;;} for the parameters of interest, which for the; ;} (say) necessitates th&tz; ,v; ;] = 0

Vi, 7. No assumption is needed as to the relevance of the candetatssor variables, in the system
overall, or any equations in it. The system is presumed te h@en reduced to a non-integraté@))
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representation so that conventional critical values candeel: see e.g., Omtzig (2002) and Kurcewicz

and Mycielski (2003) for possible algorithms centered anJdbhansen (1988) estimator. However, an

adaptation of the approach described below is also apdidabdentifying cointegration vectors.
Writing (17) as a unrestricted conditional system delivers

vt = ¥z, + v¢ where vy ~IN,, [0,9,]. (18)

The system in (18) is congruent, so matches the data evidaeralé relevant respects. Letting|]
denote an expectation, thérz,v;] = 0; and ifY' = (y1...yr) andZ’' = (z, ... z7):

1

¥ =Y'7Z(2Z) (19)

~

which satisfie€[®] = W for fixed regressors, and is consistent otherwise. Alsomhg| denotes a
variance:

V¥ =0 (z2)" (20)
whereA ® B = {q; ;B}, and forv, = y; — \flzt:

N 1 L

=7 2V &)

which is a consistent estimator .

4.2 The local data generation process

Thei” equation in the DGP may in fact contain endogenous regresaad so only involve; < n
variables:

Yit + Z ﬂi,jyjﬂg = Z Yi,j%jt T €t where €t ™~ IN [0,0’%] . (22)

je{ri} je{ri}
The DGP equations are assumed to be identified when the ajgteostrictions are known (see section
4.3), but the investigator need not possess that informatMoreover, provided it is congruent, (22)
need only be the local DGP in the spacegef : z;), not necessarily the ‘true’ generating process: see
Bontemps and Mizon (2003).
Written as a ‘structure’, (22) is:

By, = Cz; + ¢, wheree; ~ IN,, [0, 2]. (23)
The DGP system is then formally the same as (18) above, wiatie
vyt = Iz, + w; where w; ~ IN,, [0, €2,] (24)

with:
BII - C =0, (25)

which has a unique solution frof for B, C when fully identified, an issue addressed in the next
section. Thus, (24) may entail restrictions on Tanatrix, whereas there are none imposeddoim
(18) as yet. However, given that the samezgeas$ used in both (18) and (24% is a consistent estimator
of IT.



11

4.3 |Identification in the DGP

Identification, in the sense of uniqueness,Rif C from IT in DGPs like (23) has been extensively
explored: see e.g. Koopmans (1949), Koopmans and Reier880), Fisher (1966) and Rothenberg
(1973)inter alia. Whether or noB, C can be recovered uniquely froiil is an intrinsic property
of the DGP, and is not an aspect which can be altered by sedwlkensure that no equation can be
obtained as a linear combination of other equations regjuire exclusion of some variables, and the
inclusion of others in every equation. The order conditimnidentification simply concerns the number
of unrestricted coefficients B, C. Sincell ism x n, no more tham unrestricted coefficients can enter
any equation, easily checked by just counting the numbemncéatricted elements in any postulated
candidate forB, C. The order condition therefore just ensures a sufficientbamof equations to
solve (25). The well known rank condition checks that thepgaéons are linearly independent, and so
determines the extent to which each equation is or is notiitezh In the literature, identification is a
synonym for uniqueness, although extant usage also eatait®tations of ‘interpretable in the light of
economic theory’ and ‘corresponding to reality’ (as in fitiéy the demand curve’). We return to those
additional requirements below.

We consider in turn the three main possibilities of lack @ntification, just identification, and over
identification: subsets could be (un)identified when otlements are (not), in which case the following
comments apply to the appropriate set.

If no elements iNB, C are identified by the DGP rank condition, then (24) is thetleastricted,
yet identified, representation. Of course, any just-idietirepresentation with a form like (23) will
also be minimal, so there is an equivalence class of suclifispgions with equal likelihood (see e.g.,
Rothenberg, 1971). In that case, there are no usable tEsts®n thelI matrix, although reductions
that eliminate regressor variables that are irrelevarttiecentire system can still occur.

Since (24) is just identified even when there are no resiristionII, commencing the statistical
analysis with (24) ensures an identified initial represtora In section 4.6, we show that our approach
imposes the rank condition in (25) throughout as a congtramnsearch paths that violate (25) are dis-
carded. A hidden possible cost is that the ‘most minimalregpntation may not be located, if the rank
condition ‘barrier’ has to be temporarily relaxed to enteappropriate part of parameter space, but we
have not yet found examples where that might occur. As itaegl all feasible paths, the algorithm
should find and report all members of the equivalence clagsstidentified representations, but obvi-
ously cannot select between these. The investigator cancti@ose that which is best ‘interpretable in
the light of economic theory’.

If B, C are over identified by the DGP rank condition, then (24) is igum representation for the
given restrictions. However, as shown in Hendry, Lu and Mig2001), there may exist different sets of
restrictions embodied in matric&*, C* which are not linear transforms @, C (precluded by their
identifiability), but under which (23) is equally over idérmd. Thus, again an equivalence class of such
specifications with equal likelihood can result: a givenréegof over identification by itself does not
ensure a unique model even when there is a unique DGP. Onatadgeaof a search procedure is to
highlight such cases, or indeed cases of near equivalerftereas the existing approach égpriori
specification ensures they cannot be located.

In practice, the rank condition for any equation can only bednined on a probability-one basis
(as inPcGive checked by setting each non-zero coefficient to unity plusiform random number: see
Hendryet al, 1988, and Doornik and Hendry, 2001). However, once anyctiire’ has been selected
to characterize the system, and all retained coefficiertsignificant, the rank condition is definitively
satisfied. Moreover, the validity of the over-identifiedtriesions can be checked through parsimonious
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encompassing of the system by the ‘structure’: whdn the log-likelihood of the system, ant} that
of the ‘structural’ form, the test i8(L£ — Ly) ~ x%(s) for s restrictions (see Koopmans, 1950a, and
Hendry and Mizon, 1993).

Other forms of restriction could identify ‘structural’ @aneters that do not satisfy the rank condi-
tion, such as a diagonal error covariance matrix, or crgsson links. In principle, these could be
accommodated in an algorithm, but if present and ignoredidvprobably lead to selecting a system
rather than a model thereof. If reliakdepriori restrictions are available, these could be easily incorpo-
rated into the selection.

4.4 Selecting instrumental variables

The choice of instruments for each endogenous variable eamdole byPcGetstreating each equation
as a valid conditional specification as in Hendry and Kro{2i@01) (also see the approach in Hztlal,
1996). An efficient algorithm would take account of the systeature of the task, reflected {n,,
and include tests for cross-equation significance as wellithin. Applied to several equations treated
separately there is a loss of efficiency, but no issue of pil@ds raised, merely the lack at present
of an operational program to implement such tests. To dagptoperties oPcGetshave primarily
been established for single equations (see Hendry andiy@@03, for the latest overview), although
there are also studies of its behaviour in VARs (see BruggemKrolzig and Litkepohl, 2002, and
Krolzig, 2001, 2003b, 2003a), which show respectable perdmce both absolutely and relative to
other selection devices.

A natural first step is to test for the relevance of the instnta as a group, namely a joint test of
Ho: ¥ = 0 to ensure the significance of the system explanatioblyif¥ = 0 cannot be rejected at a
stringent significance level, then there is little to explairespective of the form of model as a system
or ‘structure’. This could be followed by tests f ;: ©; = {¢;;,7 =1,...,n} =0fori=1,...,m
at much looser significance levels to ensure an adequatearwhinstruments exists in each equation.

A test for instrument mis-specification is also needed asgbdine congruence check, to ensure that
(e.g.) endogenous variables are not used as instrumeritge &ingle-equation context, once equations
are over identified, we currently use that based on Sargd#{19

Once the instruments have been selected, a restrictedrsggists, which we write as:

ng
Yit = Z Gijzje + uip Whereu;; - IN[0, Ay (26)
j=1
and~ denotes ‘is empirically distributed as’. All the estimatgd have been selected to be significant
at the pre-assigned level for the problem at hand, or areggtednaintain congruence (which we ignore
in the following). The number of restrictions imposed by glification of insignificant regressors at this

stage is:
m
N = Z (n* —n;),
=1

wheren* < n regressors remain somewhere in the systemMandm is needed for over identification.
Thus,® = {¢; ;} is a restricted matrix, and any simultaneity reductions tniwesconsistent with its
restrictions. Campost al. (2003) establish the consistency of the selection algorith PcGetsfor a
single conditional equation, and similar arguments seemppdy here: the critical values of the selection
tests diverge at a suitable rate, as do the non-centratitistatistics for non-zero parameters. Thus, null
effects are not retained, and non-null always found, so dhatill converge onIl asT — oo. The
speed with which that will occur depends @ n and both the choice of the significance level rule and
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the non-centralities of the test statistics, and is open ¢t Carlo study independently of modelling
simultaneity.

A potential drawback of first selecting the instruments agassors for (26) is that the resulting
estimates of the; ; will be biased by selection effects, and some Vs relevatiterDGP will be omitted
due to chance insignificance in the given data set. The fooaerbe approximately corrected (see
Hendry and Krolzig, 2004a), though the latter cannot, andlvanyway affect simultaneous equations
estimation where a priori information was available. Initdd, some irrelevant regressors will be
significant by chance, but that too would affect estimatidgtheut selection, and indeed the outcome of
any test of over identification for the given data set. It nihgrefore, be worth selecting a model for
the initial system before instrument selection as well teashthat such effects have not distorted the
outcome.

4.5 Weak instruments

A ‘structure’ could be identified in principle, yet the awable instruments may be so weak that for
practical purposes, the uncertainty is close to unboundedarge literature exists on this problem:
see e.g., Staiger and Stock (1997), Zivot, Startz and NgE888), Wang and Zivot (1998), Phillips
(1989), Stock and Wright (2000), and Mavroeidis (2003). iAgthe issue is intrinsic to the available
information, and is not a problem created by model selegiiocedures.

Since the first step is to test for the relevance of the ingtnimas discussed in section 4.4, failure
to rejectHy: ¥ = 0 would warn of seriously weak instruments, as would failuregject anyy;, = 0.
Zivot et al. (1998) suggest that such testing of the significance of thet-$tage regression’ is better
performed using Lagrange multiplier or Likelihood ratiathWald statistics. Conversely, failing to
eliminate irrelevant instruments will generate spuriadentification, and could mislead the algorithm.
Thus, there is a narrow path between these two difficulties,tbat would in fact also be present when
theory-based identification depended on the significanes afrelevant regressor.

4.6 Jointly selecting endogenous variables and instrumesit

The rank condition in (25) is maintained throughout as a taitg on the selected model, in that only
reductions consistent with (25) are explored. This impletagon follows our earlier approach to en-
forcing sign restrictions in searches, where a test on tinergé model establishes their viability or
otherwise, and thereafter, violations are treated as pograent so such paths searches are termi-
nated. In fact, that approach is equivalent to how congriénhensured with diagnostic tests. Initially,
IT = ¥ = C so there are no constraints, and the system in (18) is easiigd for congruence either
by system and/or single-equation diagnostics (see e.gridoand Hendry, 2001). If congruence is
accepted, for the set of tests deemed relevant by the igeg¢stj reduction paths are explored to deliver
a parsimonious system, using the well-established appralaeady operational iRcGets and with the
properties described in Hendry and Krolzig (2004a).

The resulting simplified selected equations are as in (28) voefficientsg, fori = 1,...,m. If
precisely the same regressors occur in some equationshe#y and k", then a modified approach
is required of testing for proportionality betweei and¢,, as the only feasible reduction. Otherwise,
if the regressor sets differ, then those excluded fromithequation and included in thg” can act as
instruments fory,, ; being added to the equation far;.

Several possibilities then present themselves. If the camklition is violated, the proposed step is
rejected. If the rank condition is accepted then we couléhav

a] v+ is insignificant in the equation fay; , both initially and after attempted simplification;
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b] i+ is significant in the equation fagy; ;, but no reduction ensues after attempted simplification;

c] yx+ is significant in the equation fay; ; and a reduction allows other regressors to be excluded.

In case a], the resulting equation is not of great interest the parsimonious system equation seems
preferable.

Case b] is the most complicated as the ‘structural equatias’ more variables than its ‘reduced
form’ suggesting some form of mis-specification.

Case c] is clear cut: the resulting equation is at least asirpanious as the previous system rep-
resentation, congruent, and identified, so would be sele€é course, other identified representations
might also be found; and in any case, whichever ones are famedin subject to needing ‘acceptable’
interpretations.

4.7 Two-equation example

Consider a DGP which is a conventional ‘structural’ supgdymand illustration with four instruments,
where the first instrument is common to both equations:

Y10+ B2y = V1,121 1222, €Lt
Yo+ By = V2,121, + 2,323, + V2,424, + €2 (27)

Asin (23),e; ~ IN3 [0, 3], and all variables ar0) with z; strongly exogenous fdi3; ; : ;. ;}. Then,
given that3; 2321 # 1 andy; 3 = 71,4 = 72,2 = 0, the two equations in (27) are uniquely identified by
7,2 # 0, andyz 3 # 0 or 72 4 # 0 respectively. Their interpretation as supply-demandsice versa
depends on theory considerations; and their correspordeneality is ensured here by their being the
DGP. For interpretation, we take the first equation as demmamd the second as supply, wigh; and
y2,+ denoting quantity and price respectively.

If both v2 3 = 24 = 0 then the first equation is not unique, as is the secongf= 0 unless one
of 1,1 or 1,2 is zero when the other is non-zero. Since the issue here fediséility of an automatic
system to locate the ‘structural’ DGP representation withgyior information, we exclude these cases
from further consideration.

The restricted system representation is:

Z1,t
Y1t _ g B1,272,1 M,2 —B12723 —Br2724 29t
Y2t 72,1 — B2,1v1,1 —B2,171,2 V2,3 V2,4 23t
Z4.t
+d €1,t — 51,262,t (28)
€2t — 52,161,t
where:
1
d= ————.
1 — (120621
The unrestricted projection on the unmodelled variables is
Yig = 1121+ P1,222¢ + P1,323¢ + P1.424 + W1t
Y20 = G2121¢ + 022224 + P2323¢ + P2 aza + way. (29)

Here (29) is uniquely identified for all parameter values.
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For simplicity, first consider the special case whgse = 0, so the supply equation does not have
contemporaneous ‘explanatory’ variables. Then from (28) = 0, soz; will usually not enter the
second equation, and the initial simplification will detdwt outcomex% of the time for a significance
level . Consider adding; ; to theys ; equation, instrumenting it by, ;, which must enter the first
equation significantly or it would have been eliminated fittv@system. Sincg, 1 = 0, y1 ¢ is irrelevant
and again the algorithm will detect that outcori® (subject to the adequacy of the test statistics at the
relevant sample size). Thus, the second equation is confiamén (29) withp, o = 0.

If simplifications also occur in the first equation, then tipegvide immediate instruments for pro-
ceeding. The first reduction step on adding to they; ; equation is to instrument it by the non-retained
regressors in the first equation that are still retained éwth equation. If a further reduction results
on doing so, the postulated ‘structure’ is now over iderdifiecGetsis programmed in IV mode to
automatically add eliminated regressors to the instrureenéand compute the Sargan test of instrument
validity (see Sargan, 1964), as well as check congruence. séarch can continue from there till all
remaining paths have been explored. If no further redustearsue on search, store the model located at
that stage, revert to the original system, and drop ano#ggessor, again continuing till all paths have
been explored.

When no regressor variables are excluded from the first eguigit (29), it may be thought that the
possibility of a simultaneous representation cannot besitigated as there are no available instruments
to commence the search. However, proceed by dropping (saylgast significant’ regressor ; in the
first equation (other thas, ;) on the possible hypothesis that its lower significancevesrirom entering
indirectly (i.e., because g, » # 0 rather thany, 4 # 0), and instrumenty, ; by that variable. Now the
analysis is like that of the previous paragraph; additiamalplifications lead to an over-identified rep-
resentation, whereas no simplifications entail a justtiled equivalent equation. Section 4.8 provides
a numerical illustration.

In practice, in every setting, all paths need to be explomecksa regressor may be insignificant in an
equation of the system precisely because it is a compositedbrm~y; ; — 51 22,1 where cancellation
occurs, yet be significant in the model of the system. The@&mavis also feasible.

Even whenj, ; # 0, a similar algorithm can be delineated althoughpngneed be zero. Indeed, all
regressor would be potential instruments, so the only imigabat more paths need to be explored. As
before, first drop the ‘least significant’ regressgy in the first equation on the possible hypothesis that
its low significance derives from entering indirectly (elgecause off; » # 0 rather thany; 4 # 0), and
instrumenty, ; by that variable. Every path in which eag}y, is dropped in turn ang, ; entered in the
y1,+ equation can be followed, and the best outcome selectetiédirst equation in (29). If no further
reductions ensue on search, revert to the original systehuiap another regressor, continuing till all
paths have been explored. Select the minimal dominant agengrepresentation from the resulting set
of terminal models. Then continue with the second equationgditional on not deleting regressors that
are not retained in the first equation’s ‘structural’ repreation. As a check on the models located, the
roles of the two equations could be reversed, although & lamgnber of possibilities rapidly results as
m rises.

Many of the above steps involve single instrument estimatmd hence there are no finite-sample
moments for the associated estimators, which could coatplimference, and especially Monte Carlo
simulation studies (but see Sargan, 1982, and Hendry, 1988)ertheless, by treating simultaneity as
a potential reduction on the parameter space, the propdgewdtlam appears to be feasible and capable
in principle of correctly determining the ‘structural’ nigsentation in this 2-equation system even when
the prior restrictions are unknown, subject to the usaaleatsabout the sizes and powers of the tests
used, to which topic we now turn.
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4.7.1 Size

If tests are conducted at a significance levehofso use a critical value af,, then there is am%
probability of retainingz, ; in the y, ; equation despite its actual irrelevance. Whether or nat suc
event occurs does not affect the outcome in the special basgst; = 0, but more generally, Type |
errors could limit the performance of all methods of modejliunless the DGP is known.

Onceys; is included in they; ; equation, there is an% probability of retaining either of; ; and
24, In theyy ; equation. The extent of the ‘simultaneity’ reduction deggon such adventitious sig-
nificance. Two irrelevant variables are retained with plolitg (1 — a)2 (under orthogonality) if other
instruments exist. Controlling size would seem potentiadbre important in simultaneous systems than
in conditional models, but the chance significance justdheteuld affect all approaches. For example,
if the ‘structure’ was derivea priori and the over-identifying restrictions tested for theiridigy, then
rejection would result when adventitious significance @levant regressors occurs. Thus, the problem
simply appears in a different guise.

4.7.2 Power

Conversely, Ieﬁgf) denote the power for correctly rejecting that iHeparameter is non-zero, for the
ordering(¢1,1, ¢1,2, $1,3, 01,4, $2.1, P2,2, 2.3, P2,4) SO (1 — 58)) is the type Il error for a significance
level of . A failure to reject¢; » = 0 would reduce the dimension of the system by the complete
removal ofzy ; in the first case discussed in section 4.7 when = 0. That could matter greatly when
ﬁ271 75 0, but not ifﬁ2,1 =0.

Failing to reject bothps 3 = 0 and¢2 4 = 0 would lead to an unidentifiable ‘structure’ for the
first equation, and no reductions could be effected. Reigaither one would allow a ‘just-identified’
equivalent representation wit; in the y; ; equation, and which ever af ; or z,, mattered in the
Y2+ equation now eliminated from the first equation. Rejectiothbshould allow an over-identified
equation to be located. Similar considerations apply ts#wnd equation irrespective of the value of

B2,1.

4.7.3 Diagonal error covariance matrix

An example that could be problematic is when only one eqoajapears to be identified by the rank
condition, but the error covariance matrix is in fact diagio@s in:

Y10+ B2y = V1,121 Y1222, et
Yo, + B2y = 2,121, + V2,222, + V2,323, + €24 (30)

whereX, is diagonal, s [¢; 12 ¢] = 0. The restricted system representation is:

Z1,
yie \ m,1—B12721 Y12 — Bi2722 —B12723 ! €1t — PB1,2€2,¢
=d 2ot +d

Y2, Y210 — B2171,1 V2,2 — B2,171,2 V2,3 ; €26 — P2,1€1,¢
3t

(31)
whered = 1/(1 — (1202,1). Adding y2, to the first equation will be acceptable whes is the
eliminated variable, albeit creating an equivalent regméstion. However, adding; ; to the second
equation will not effect any reduction that satisfies thekremndition, even though the second equation
is identifiable usingk [e; e2 ] = 0, conditional on the first being as in (30). A system-basedimam
likelihood search procedure could handle such cases.
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4.8 Artificial data example

A one-sample computer-generated DGP mimicking (27) anpw28 investigated as ‘proof of concept'.
The DGP (forT’ = 100 observations) was:

1 —05 02 02 0 0
_ 32
<o 1 )” (0.6 0 03 o.3>zt+et (32)
0 01 0
~ IN 33
, [(O)<O 02) @)
2 ~ INJ[O,T] (34)

The first system equation involves all four; and was selected as such BgGets the second system
equation was also selected correctly omittiag.

Adding y»; to the first equation, and dropping its least significant @sgor £3;) to use as an
instrument, checking that it was significant in the; system equation, produced the DGP equation
(32). Adding the eliminated, ; as an instrument confirmed that outcome, with an insignifi€amgan
test. Conversely, trying to adgh ; to they,; equation, selecting,; as the instrument led back to
the system equation, which here is the ‘structural’ equati&inally, incorrectly treatingy,; as an
instrument withz, ; treated as endogenous, led to rejection on the Sargan test.

Based on the Monte Carlo experiments for a VAR when the DGPaswarsive SVAR (a special case
of the problem considered here), cross-correlation of theg®was found to hamper the performance
of single-equation reduction procedures suchPa&etsin its current form: see Krolzig (2003b). In
this numerical example, altering the DGP to allow #eto be correlated does not in fact change the
findings. This is not simply because of the recursive fornBoih (32), as also allowings; ; = 0.5
again did not alter the results for the first equation, butdpoed an ‘equivalent’ (i.e., ‘structural’ just
identified) solution for the second, as would be expectedveNBeless, a full simulation analysis is
obviously required to be definitive. In addition, that woaltbw an investigation of any potential path
dependence on the order of exploration when each equatcamssdered in turn.

5 Conclusion

We have considered three problems that previously seeniegttiable, namely selecting from a per-
fectly collinear set of regressors; selecting a regressiban there are more regressors than obser-
vations; and selecting a simultaneous equations repeggantvhen there are na priori restrictions
available to the investigator. In each case, a variant ofjmeral-to-simpleGet9 approach suggested
a feasible solution.

For the perfectly collinear set of regressors, the key motias that of multi-path searches which
explored all the combinations of variables to locate theommidated model that parsimoniously encom-
passes the other possible models. This is a novel applicafithe development in Hoover and Perez
(1999) which started the recent upsurge of interest in coen@utomated model selection. The artificial
data example suggested the idea can work, although thersizeoaver remain to be established when
all paths are forcibly explored.

To select a regression when there are more regressors tharvations requires a block implemen-
tation of multi-path searches, as well as search procedauitbm tentative models. Again, an artificial
data example suggested the idea could work, but again teeas power remain to be established, as
do generalizations to embed factor forecasting and n@atimodels.
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The key conceptual notion in the third case is that simuliaeeequations selection are a reduc-
tion, so the usual problem of model identification—whichsasi when commencing from ‘structural
relations'—is circumvented. When the DGP is identifiableg @very representation satisfies the iden-
tification condition as a constraint, the final selectiondienitified, and no less parsimonious than the
initial system. The logic of the selection algorithm outithabove seems to offer a feasible solution to
jointly selecting instruments and identified relations wiseich exist. The illustration is very simple,
but confirms that the idea can work. Moreover, when there wasimultaneous ‘structural’ equation,
PcGetsdid not select one in the artificial data example. For a largenber of endogenous variables,
the set of valid structural reductions of the system coulthlge, making for a cumbersome procedure.
However, that is intrinsic to the dimensionality, not to tygproach proposed here, which rather offers
the computational power to tackle such difficulties. Equadl maximum likelihood approach would
seem essential if interest was focused on more than onei@uuand conceptually our approach could
be extended from instrumental variables to full informatioaximum likelihood or other members of
the estimator generating equation (see Hendry, 1976). ralhesfivork should also apply to other sources
of endogeneity, such as measurement errors.
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6 Appendix: The conditional model selection algorithm

PcGetshas four basic stages in its approach to selecting a pargmmundominated representation
of an overly general initial model, denoted the general stnided model (GUM). The first concerns
the estimation and testing of the GUM and the settings of therhm (1-4 below), the second is
the pre-search process (5-6); the third is the multi-padincbeprocedure (7-13); and the fourth is the
post-search evaluation (14). The following descriptiontskes the main steps involved: see Hendry
and Krolzig (2001) for details.

(1) Formulate the GUM based on theory, institutional knalgks, historical contingencies, measure-
ment information, ensuring the GUM encompasses previoideree, while seeking a relatively
orthogonal parameterization;

(2) select the set ah mis-specification tests (e.g., residual autocorrelatan their forms (e.g., of
rth-order), and the desired information criterion (€$JC);

(3) setthe significance levels of all selection tests (geaky denotedy below) and mis-specification
tests (generically denotetlibelow) to ensure the desired null rejection frequencieghags by
selecting one of the pre-set Liberal or Conservative gjiase

(4) estimate the GUM appropriately (least squares—OLS—asttumental variables—IV—are
presently available), and check by the mis-specificatiststéhat the GUM captures the essential
characteristics of the data (denoted congruence), pergpsutlier adjustments;

(5) undertake pre-search reductions at a loose signifidauek(these include lag-order pre-selection,
F-tests on successively shorter lag groups, and cumulitiests based ofitests ordered from
the smallest up, and the largest down);

(6) eliminate the resulting insignificant variables to reelthe search complexity, then estimate the
new GUM as the baseline for the remaining stages;

(7) multiple path reduction searches now commence from fedible initial deletion (to avoid path-
dependent selections);

(8) the validity of each reduction is diagnostically chetke ensure the congruence of the final
model;

(9) if all reductions and diagnostic tests are acceptaloig adl remaining variables are significant (or
further reductions induce mis-specifications), that mdmglomes @erminal selection, and the
next path search commences (i.e., back to 7);

(10) when all paths have been explored and all distinct tesiminodels have been found, they are
tested against their union to find an encompassing contender

(11) rejected models are removed, and the union of the \gagyiterminal models becomes the GUM
of a repeated multi-path search iteration;

(12) the entire search process (i.e., from 7) continues tilhique choice ofinal model emerges, or
the search converges to a set of mutually encompassing alwdnimated contenders;

(13) in that last case, all the selected models are repoated,a unique final choice made by the
pre-selected information criterion;

to check the reliability of the selection.



