General-to—Specific Model Selection Procedures
for Structural Vector Autoregressions

Hans-Martin Krolzig*
Department of Economics and Nuffield College, Oxford University.
hans-martin.krolzig@nuf.ox.ac.uk

January 30, 2001

Abstract

Structural vector autoregressive (SVAR) models have emerged as a dominant research strategy in
empirical macroeconomics. Despite their advantages, just-identified SVAR models suffer from
(i) the great number of parameters (“curse of dimensionality”), (ii) the resulting uncertainty as-
sociated with impulse responses, (iii) the existence of alternative observationally-equivalent just-
identified models and (iv) the lack of identification of the imposed causal ordering of the variables
of the system. In this paper we propose general-to-specific reductions of just-identified SVAR mod-
els to overcome these limitations. We show that the computer-automated model selection algorithm
embodied irPcGetgsee Krolzig and Hendry, 2001) can be used for an efficient implementation of
the underlying methodology. Since jointly selecting and diagnostic testing eludes theoretical ana-
lysis, we evaluate the proposed reduction and identification strategy by simulation. The application
of the proposed reduction strategy to a US monetary system demonstrates the feasibdiBets

for the analysis of large macroeconomic data sets.

JEL ClassificationC51, C32, E52.

Keywords Model selection; Vector autoregression; Subset model; Lag order determination; Data
mining.

1 Introduction

Over the last two decades, vector autoregressive (VAR) models have emerged as an important research
tool for the empirical analysis of macroeconomic time series, partly because of the critique in Sims
(1980) of traditional macro-econometric modelling. VARs have widely exploited for the description

of numerous macroeconomic data sets allowing fruitful insight on the interrelations between economic
variables.

The popularity of VARSs is due to various advantages of the approach: First, the flexibility of the
VAR framework in producing econometric models with useful descriptive characteristics, within statist-
ical tests of economically meaningful hypothesis can be executed. Secondly, the ease of the approach as
econometric models can be formulated and data characterized without having to invoke economic the-
ory to restrict the dynamic relations between variables. Thirdly, many completely specified economic
models give rise to VAR representations as the reduced form of the variables of the system. Thus VARs
do not only describe the data, but also allow the characterisation of macroeconomic models. Fourthly,
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the VAR model may be compatible with quite a wide variety of hypotheses regarding the formation
of expectations, since in the reduced form of the system adaptive and rational expectations only differ
in the weights applied to the variables representing dynamics ifgee,alia, the analysis of rational
expectation models in Hansen and Sargent, 1981, and the real business cycle model in King, Plosser
and Rebelo, 1988).

Reduced-form VARs have the drawback that in general the residuals are correlated across equations
(as in the case of instantaneous causality), thus their innovations are not identified with the underlying
structural errors. Therefore the impulse responses generated by a VAR do not possess a structural
interpretation. There is no unique best way to deal with this problem. Since Sims (1980), a popular way
of overcoming the problem is to transform the residuals to orthogonal form by triangulating the system
which involves a causal ordering of the variables. This transformation of the VARs allows to interpret
the evolution of the system as a function of orthogonalized innovations in the variables of the system.

A different approach to respond to the problem of interpreting VARs has been the development
of structural vector autoregressions (SVARS) which introduces ‘theoretical’ restrictions to identify the
underlying shocks. In this paper we focus on short-run restrictions specifying the causal ordering of the
variables in the system (in contrast to long-run restrictions in the spirit of Blanchard and Quah, 1989).

Despite these advantages, SVAR models suffer from the fact that they are generally made recursive
in contemporaneous variables and rarely impose any restrictions upon the dynamics in their implied
structural equations. For example, the relatively small structural vector autoregressive (SVAR) models
of Bernanke and Blinder (1992) and Sims (1992) for the US economy have the distinctive feature that
each structural equation is saturated with lagged variables i.e. the dynamics are essentially unrestricted.
This means that in a just-identified SVAR, the number of parameters grows with the square of the num-
ber of variables and quickly exhausts the degree of freedom. Having huge numbers of parameters, the
structural equations of the SVAR are hard to interpret. This is unfortunate since it seems sensible to
employ model reduction procedures which so far have been mainly used in the single-equation frame-
work. Accordingly, these considerations point to the need for reductions of the systems which involve
the utilization of exclusion restrictions upon the dynamics contained in each structural equation, so as
to allow for easier interpretation of the system. This paper considers computer-automated simplification
procedures which are based on the outcome of statistical'tests.

The SVAR approach tends to impose just enough restrictions to permit a coherent interpretation
of the shocks to the system. While models which impose over-identifying restrictions can be tested,
this is not the case for just-identifying restrictions. Thus other observationally-equivalent just-identified
SVARs exist (see Pagan, 1994). This is related to the well-known fact that orthogonalized (structural)
impulse-responses, which are based on a Choleski decomposition of the variance-covariance matrix of
the reduced-form VAR, are not invariant against changes in the (causal) ordering of the variables.

It is also worth noting that the use of term ‘structural’ is not unproblematic. The types of restric-
tions used to identify VARs have been criticized as theoretically and empirically misleading: From a
theoretical point of view, the identifying restrictions impose significant structure on a model without
being firmly grounded in an economic model. Indeed, they can be incompatible with large classes of
economic models (sednter alia, Cooley and Dwyer, 1998). From an empirical point of view, the
restrictions are imposed without establishing the congruence with the data (e.g. the constancy of the es-
timated coefficients (se@ter alia, Hendry and Mizon, 2000). Furthermore, the generality of the SVAR
is not realized without assumptions regarding the absence of regime changes and the linear formation
of expectations etc. For the economic interpretation of the model, it is therefore essential to ensure the

! An excellent empirical illustration of a modelling approach which combines simplifications based on statistical tests and
economic considerations can be found in Dungey and Pagan (2001).



congruence of the assumptions made. It is a merit of the modelling approach proposed in this paper that
it systematically checks for the presence of statistical misspecifications.

In this paper we propose general-to-specific reductions of just-identified SVAR models to overcome
the limitations of just-identified SVAR models: (i) the great number of parameters (“curse of dimen-
sionality”), (ii) the existence of alternative observationally-equivalent just-identified models and (iii)
the lack of identification of the imposed causal ordering of the variables of the system. We will re-
peatedly argue that the reduction and identification of SVAR models is a natural area for the application
of general-to—specificQet9 reduction procedures. Thgetsreduction process is designed to ensure
that the reduced SVAR model will convey all the information embodied in the unrestricted SVAR. This
is achieved by a joint selection and diagnostic testing process: starting from the unrestricted, congru-
ent general model, standard testing procedures are used to eliminate statistically-insignificant variables,
with diagnostic tests checking the validity of reductions, ensuring a congruent final selection. By redu-
cing the complexity of the just-identified SVAR and checking the contained information, the selected
simpler, more compact model provides an improved statistical description of the economic world (see
Hendry, 1993, for an overview of the so-called ‘LSE’ methodology).

The existing literature on VAR model selection has mainly focused on the selection of lagprder,
of an otherwise unrestricted reduced-form VAR. In these selection procedures a model is usually selec-
ted by an information criterion which penalizes the likelihood function for the number of pararheters.
Lutkepohl (1991) who discusses various strategies for selecting subset VAR models (i.e., VARs with
zero constraints on the coefficients), which are based on the optimization of a specified model selection
criterion. For a given maximal orderof VAR, a full search over all possible candidates is computation-
ally unfeasible: in & -dimensional VARp) without deterministic terms there ak€?p coefficients, any
full search requires the estimation of a total2éf’? subset models. Therefore various strategies have
been proposed to overcome this problem (search over complete VAR matrices, top-down and bottom-up
specification of the distributed lag lengths etc.)u@gémann and Witkepohl (2000) consider step-wise
regression type single-equation reduction paths where the critical value is chosen such that an accept-
ance of the null hypothesis guarantees a marginal increase in a given information criterion. The recent
developments in automatic model selection initiated by Hoover and Perez (1999) suggests that the op-
erational characteristics of some computer-automated model selection algorithms are excellent across a
wide range of states of nature. Naturally we will focus on the implementation of computer—automated
model selection procedures usiRgGetsdeveloped by Hendry and Krolzig (2001).

The structure of the paper is as follows: The following sectig®) (ntroduce the VAR and the
SVAR models. §3 discusses the ‘General-to-specifiGdty approach to econometric modelling, the
underlying theory of reduction and the computer automation of general-to-specific model selection pro-
cedures bycGets The application of th&etsapproach to the reduction of reduced-form VAR models
is considered ir§4, which puts emphasis on the case of conditional independence. It will be shown that
under this condition, single—equation model selection procedures srGagsare efficient. We then
move forward to the reduction of SVAR modelssBwhich will emerge as a very convenient framework
for the application oPcGets In §6 we discuss the use of the proposed modelling approach for select-

2The information criteria considered in the literature are defined as follows:

AIC = —2Ly/T +2n/T,
SC = —2Lp/T+ nlog(T)/T,
HQ = —2Lp/T + 2nlog(log(T))/T,

where Lt is the maximized log-likelihoodr is the number of parameters afidis the sample size: see Akaike (1985),
Schwarz (1978), and Hannan and Quinn (1979).



ing the causal ordering of the variables of the systeng7Imve investigate by simulation whether the
Getsmodel-selection process works well or fails badly in the SVAR framework. Results are presented
for a Monte Carlo experiment where the data generating process (DGP) is an over-identified trivariate
SVAR(1) and the general unrestricted model (GUM) is an SVAR(5) or VAR(5). The focus will be on
the selection properties as well as the precision and accuracy of the implied impulse-responses. The
empirical illustration with a US monetary system presentegBievaluates the usefulness of proposed
approach for the analysis of large macroeconomic data se§8.vie outline generalizations of the pro-
posed reduction approach for cointegrated time series models and (just- or overidentified) simultaneous
equation models§10 concludes.

2 The vector autoregressive model

2.1 The reduced-form VAR

The basic model considered in the following is a vector autoregression possibly including deterministic
terms and with independent Gaussian errors:ntftEmensional time series vectgy is generated by a
vector autoregressive process of orgledenoted VARg) model,

p
y=v+ Y Awiiter, 1)
=1
wheret = 1,...,T, the A; andv are coefficient matrices and the initial valuesYgf= (v, ..., y1-p)
are fixed. The innovation procesgis an unobservable Gaussian zero-mean white noise process with a
time-invariant positive-definite variance-covariance maffixe;] = >:

e: ~ NID(0, %). )

The infinite-order vector moving-average representation of the VAR in (1) is

o0
ye=pn+Y Ve, €)
=0

wherep = (37_, 4;)” " v and wherel = Ix. ¥(L) = (1 — >0 AZ-LZ') 1, such that for VAR()
processesy; = A’. The(k,)-th element)y, ; of the MA matrix '; can be interpreted as the reaction
of variablek in response to a unit shock in variable/ periods ago.

A problematic assumption in this type of impulse response analysis is that the shock occurs only in
one of the variables. Such an assumption might be reasonable in the case of conditional independence.
If the residuals are correlated, the VAR can be readily transformed to interpret the evolution of the
system as a function of orthogonalized innovations in any of the variables . Dgfine P~l¢; by
decomposing: asX = PP’, whereP is a lower triangular matrix, such that ~ NID(0, Ix). Note
that by selecting?, a causal ordering of the variables is implied.

Thus the orthogonalized vector moving average representation is given by:

o o0
y=p+ Y WPP e j=p+> o, (4)
=0 =0

where®j = P and®; = ¥;P. Itis worth pointing out that the orthogonalized impulse responses
depend on the choice @1.



A major objective of time series analysis is the creation of predictions. It is convenient to choose
the optimal predictor as the minimizer of the mean squared prediction error (MSPE). Using the
reduced-form VAR in (1), the MSPE-optimal prediction gf,; conditional on the information set
Yr = (yr,yr-1,- .., Y1-p) IS given by the conditional expectation:

p
ElyranlYr] = v + Y AiElyrin—i|Yr),
i=1
which can be solved recursively with the initial conditid{g 7 ,—;|Yr] = yr+n—. fori > h (seejnter
alia, Lutkepohl, 1991, for further details).

2.2 The structural VAR

The structural vector autoregressive process of opdetenoted SVAR{) model, considered in this
paper is given by

p
By, =6+ Tiyr—i+n, )
i=1
wheret = 1,...,T, thel’; andé are coefficient matrices and the initial valuestaf= (yo,...,y1-p)
are fixed. The innovation processis an unobservable Gaussian zero-mean white noise process with a
time-invariant diagonal variance-covariance maljy;n;] = 2

The SVAR in equation 5 can be considered a particular simultaneous equation model in the spirit of the
Cowles approachPatrticularly, it is a recursive system of the sort proposed by Wold (1949) and Strotz
and Wold (1960) and closely related to the concept of causal ordering introduced by Simon (1953).

To recover the structural parameters it is useful to consider the structural VAR in equation (5) in its
reduced-form (1). The relation to the reduced form VAR is given by:

Yy = BBV,
4, = BT fori=1,...,p,
v = B

The unigueness of the model for the given structure, which guarantees the estimatability of the structural
parameters, is ensured by the following just-identifying restrictions:

Qij =0 fori # j,
B; =1 fOfiZl,...,n, (7)
Bij = 0 fori < j.

The infinite-order structural vector moving-average representation results from () by=
B~ln_; as:
o0 o0
Yt :M+Z‘I’j3_1?7t—j ::u"i'zq)jnt—ja (8)
j=0 j=0
where®(L) = (B->"_, I“Z-Li)f1 with &, = B~!. It is worth noting that for just-identified SVARs
and unrestricted VARs with the same causal ordering, (8) differs from (4) only by the missing adjustment
for the standard errors of thg,. In other words, the relation to (4) is given hy = Q*%nt.



3 Computer-automated general-to-specific model selection procedures

3.1 General-to-specific modelling

Empirical econometric modelling is an integral aspect of the attempt to make economics a quantitative
science, although it raises many important methodological issues. Not least among these is how to
select models. Economies are so high dimensional, non-stationary, and complicated that pure theory
could never precisely specify the underlying process, and there are simply too many variables to rely
solely on data evidence. Thus, model-selection methods must be used, and the methodology thereof
deserves careful attention.

When the prior specification of a possible relationship is not known for certain, data evidence is
essential to delineate the relevant from the irrelevant variables. Thus, model selection is inevitable in
practice; and while that may be accomplished in many possible ways, we follow Hendry and Krolzig
(2001) in arguing that simplification from a congruent GUM embodies the best features of a number of
alternatives.

Unfortunately, there has been little agreement on which approaches should be adoptedersee,

alia, Leamer (1983hb), Pagan (1987), Hendry, Leamer and Poirier (1990), Granger (1990) and Magnus
and Morgan (1999). Hendry (2000) discusses the rather pessimistic perceptions extant in the literature,
including difficulties deriving from ‘data-based model selection’ (see the attack by Keynes, 1939, 1940,
on Tinbergen, 1940a, 1940b), ‘measurement without theory’ (Koopmans, 1947), ‘data mining’ (Lovell,
1983), pre-test biases’ (Judge and Bock, 1978), ‘ignoring selection effects’ (Leamer, 1978), ‘repeated
testing’ (Leamer, 1983a), ‘arbitrary significance levels’ (Henetal, 1990), ‘lack of identification’
(see Faust and Whiteman, 1997, for a recent reiteration), and the potential ‘path dependence of any
selection’ (Pagan, 1987). Nevertheless, none of these problems is inherently insurmountable, most are
based on theoretical arguments (rather than evidence), and most have counter criticisms. Instead, the
sequence of developments in automatic model selection initiated by Hoover and Perez (1999) suggests
the converse: the operational characteristics of some selection algorithms are excellent across a wide
range of states of nature, as Hendry and Krolzig (2001) demonstrated.

General-to-specific approaches have a long pedigreéntse@lia, Anderson (1971), Sargan (1973,
1981), Mizon (1977b, 1977a), and Hendry (1979). White (1990) showed that with sufficiently-rigorous
testing, the selected model will converge to the data generating process (DGP). Thus, any ‘overfitting’
and mis-specification problems are primarily finite sample. Moreover, Mayo (1981) emphasized the
importance of diagnostic test information being effectively independent of the sufficient statistics from
which parameter estimates are derived. Also, Hendry (1995) argued that congruent models are the
appropriate class within which to search, that encompassing resolves many instances of ‘data mining’,
and that in econometrics, theory dependence has as many drawbacks as sample dependence, so modeling
procedures are essential.

Getsis the practical embodiment of the theory of reduction: see e.g., Florens and Mouchart (1980),
Hendry and Richard (1983), Florens, Mouchart and Rolin (1990), Hendry (1987), and Hendry (1995, ch.
9). That theory explains how the data generation process (DGP) characterizing an economy is reduced
to the ‘local’ DGP (LDGP), which is the joint distribution of the subset of variables under analysis.

By operations of aggregating, marginalizing, conditioning, sequentially factorizing, and transforming,

a potentially vast initial information set is reduced to the small transformed subset that is relevant for
the problem in question. These reduction operations affect the parameters of the process, and thereby
determine the properties of the LDGP.



3.2 The theory of reduction

The theory of reduction not only explains the origins of the LDGP, the possible losses of information
from any given reduction can be measured relative to its ability to deliver the parameters of interest

in the analysis. For example, inappropriate reductions, such as marginalizing with respect to relevant
variables, can induce non-constant parameters, or autocorrelated residuals, or heteroscedasticity and so
on. The resulting taxonomy of possible information losses highlights six main null hypotheses against
which model evaluation can be conducted, relating to the past, present, and future of the data, meas-
urement and theory information, and results obtained by rival modelsongruentmodel is one that
matches the data evidence on all the measured attributes: the DGP can always be written as a congruent
representation. Congruence is checked in practice by computing a set of mis-specification statistics to
ascertain that the residuals are approximately homoscedastic, normal, white noise, that any conditioning
is valid, and that the parameters are constant. Empirical congruence is shown by satisfactory perform-
ance on all these checks. A model that can explain the findings of other models of the same dependent
variables is said to encompass them, see e.g., Cox (1961, 1962), Hendry and Richard (1982), Mizon
(1984), Mizon and Richard (1986), and Hendry and Richard (1989). Since a model that explains the
results of a more general model within which it is nested parsimoniously encompasses the latter (see
Govaerts, Hendry and Richard, 1994, and Florens, Hendry and Richard, 1996), when no reductions lose
relevant information, the LDGP would parsimoniously encompass the DGP with respect to the subset
of variables under analysis.

To implementGets a general unrestricted model (GUM) is formulated to provide a congruent ap-
proximation to the LDGP, given the theoretical and empirical background knowledge. Importantly, Bon-
temps and Mizon (2001) show that an empirical model is congruent if it parsimoniously encompasses
the LDGP. The empirical analysis commences from this GUM, after testing for mis-specifications, and
if no problems are apparent, the GUM is simplified to a parsimonious, congruent model, each simplific-
ation step being checked by diagnostic testing. Simplification can be done in many ways: and although
the goodness of a model is intrinsic to it, and not a property of the selection route, poor routes seem
unlikely to deliver useful models.

3.3 The computer automation ofGets

While the joint issue of sequential variable selection and diagnostic testing using multiple criteria has
eluded most attempts at theoretical analysis, an evaluation of the properties of the model-selection pro-
cess can be achieved by simulation. Hoover and Perez (1999) reconsidered the Lovell (1983) exper-
iments to evaluate the performance@éts Most important is their notion of commencing from the
congruent general model by following a number of reduction search paths, terminated by either no fur-
ther feasible reductions or significant diagnostic tests occurring. Hoover and Perez select among the
surviving models the one which fits best. They show how much better a structured approach is than any
method Lovell considered, suggesting that modegtiagseneed not be bad. Indeed, overall, the size of
their selection procedure is close to that expected, and the power is reasonable. Moreover, re-running
their experiments usingcGets Hendry and Krolzig, 1999 found substantively better outcomes.

Naturally, we focus orPcGets see Hendry and Krolzig (1999, 2001) and Krolzig and Hendry
(2001). PcGetsmplements automatic general-to-specifizef9 modelling for linear, dynamic, regres-
sion models based on the principles discussed in Hendry (1995). First, an initial general statistical
model is tested for the absence of mis-specification (denoted congruence), which is then maintained
throughout the selection process by diagnostic checks, thereby ensuring a congruent final model. The
diagnostic tests require careful choice to ensure they characterize the salient attributes of congruency,



Table 1 ThePcGetsalgorithm.

Stage 0 Pre-search reductions
(1) Estimation and test of the GUM;
(2) Outlier correction;
(3) Adjust significance level of diagnostics;
(4) Lag order pre-selection;
(5) Sort variables in order of theif values
e Two-step top-down reduction;
e Bottom-up reduction;
e Encompassing.
Stage | Multiple model reduction paths:
(1) Sequential estimation and test of reductions
(a) Remove insignificant variables.
(b) Model reductions are subjected to a wide range of diagnostic tests:
Chow tests for structural stability;
residual autocorrelation;
ARCH effects in the residuals;
normality;
heteroscedasticity.
(2) Encompassing
Stage Il Union testing
(1) Estimation and test of the new GUM;
(2) Multiple model reduction paths;
(3) Encompassing and final model selection.

Stage lll Sub-sample evaluation

(1) Test the significance of every selected variable in two overlapping sub-samples;
(2) Penalize variable accordingly.

are correctly sized, and do not overly restrict reductions. Next statistically-insignificant variables are
eliminated by selection tests, both in blocks and individually. Many reduction paths are searched, to
prevent the algorithm from becoming stuck in a sequence that inadvertently eliminates a variable which
matters, and thereby retains other variables as proxies. Path searches in PcGets terminate when no vari-
able meets the pre-set criteria, or any diagnostic test becomes significant. Non-rejected models are tested
by encompassing: if several remain acceptable, so are congruent, undominated, mutually-encompassing
representations, the reduction process recommences from their union, providing that is a reduction of
the GUM, till a unique outcome is obtained: otherwise, or if all selected simplifications re-appear, the
search is terminated using the Schwarz (1978) information criterion. Lastly, sub-sample insignificance
seeks to identify ‘spuriously significant’ regressors.

An overview of the algorithm is shown in Table 1, see Hendry and Krolzig (2001) for details. In
the following we briefly discuss the econometrics of the different stages ¢fdBetsmodel-selection
algorithm relevant for VAR modelling.

3.3.1 The GUM and pre-search tests (Stage 0)

The starting point foGetsmodel-selection is the GUM, so the key issues concern its specification and
congruence. In the case of the VAR, the researcher has to specify the order and the dimension of the



process. An overalF-test of all regressors checks that there is something to model, misspecification
tests check the congruence of the modetGetsthen undertakes various ‘pre-search’ simplification
F-tests to exclude variables from the GUM. Since variables found to be irrelevant on such tests are
excluded from later analyses, this step uses a loose significance level (such as 50%). The lag order pre-
selection consists df-tests on the longest-lag blocks till the null is rejected. The next step consists of
block (F) tests of groups of variables, ordered by théivalues in the GUM. In théop-downreduction
sequence th&-test statistics are ordered from the smallest up, with cumul&itests on increasing

block sizes till the null is rejected; the model size decreases until rejectionbdtt@m-upreduction
sequence involveg-tests on decreasing block sizes from the largésests down till the model is
congruent. The model size increases until no misspecifications are found. According to the outcome of
a blockF test,PcGetswill continue to work with one of the reductions.

3.3.2 Multi-stage multi-path search (Stages I/11)

ThePcGetsreduction path relies on a classical, sequential simplification and testing approach designed
to reduce the complexity of the model by ensuring the congruency of the reduction. Many possible
paths from that GUM are investigated: reduction paths considered include both multiple deletions as
well as single, sa and/orF test statistics are used as simplification criteria. Along each path the least
significant variable having &values less than the critical value is eliminated. If any diagnostic tests
fail, that path is terminated, and the algorithm returns to the last accepted model of the search path:
if the last accepted model cannot be further reduced, it becomes the terminal model of the particular
search path; otherwise, the last removed variable is re-introduced, and the search path continues with
a new reduction by removing the next least-insignificant variable of the last accepted model. If all
tests are passed, but one or more variables are insignificant, the least significant variable of those is
removed. If that specification has already been tested on a previous path, the current search path is
terminated. Finally, if all diagnostic tests are passed, and all variables are significant, the model is the
terminal model of that search path. Should multiple congruent contenders eventuate after a reduction
round, encompassing can be used to test between them, with only the surviving non-nested specifications
retained. If multiple models survive thstimation’ process, their union forms a new general model,

and selection path searches recommence. Such a process repeats till a unique contender emerges, or the
previous union is reproduced, then stops. In the latter case a final selection is made using information
criteria, otherwise a unique congruent and encompassing reduction has been located.

3.3.3 Sub-sample evaluation (Stage 111)

As a check for potential over-selection $tage 1| PcGetsexploits sub-sample information by invest-
igating split samples for significance (as against constancy). This mimics the idea of recursive estim-
ation: Since non-centrat’*values diverge with increasing sample size, whereas censdluctuate

around zero, the latter have a low probability of exceeding any given critical value in two sub-samples,
even when those sample overlap. Thus, adventitiously-significant variables may be revealed by their
insignificance in one or both of the sub-samples. Consequently, a progressive research strategy can
gradually eliminate ‘adventitiously-significant’ variables and tilt the size-power balance favorably. The
sub-sample information is used to accord a ‘reliability’ score to variables, which investigators may use
to guide their model choice.
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3.3.4 Calibration

Balancing the objectives of small size and high power still involves a trade-off, but one that is dependent
on the algorithm. Thé&estimation’ process oPcGetsdepends on a number of decisions regarding the
specification of the algorithm. Krolzig and Hendry (2001) investigate the calibratid?tGletswith

regard to the operational characteristics of the diagnostic tests, the selection probabilities of DGP vari-
ables, and the deletion probabilities of hon-DGP variables. Based on intensive Monte-Carlo studies,
Hendry and Krolzig (2001) propos€lderal’ and a’conservative’strategy which aim to provide max-
imum power at a controlled empirical size fo and5%. These will be used in the following Monte
Carlo experiments.

In the Monte Carlo experiments in Hendry and Krolzig (1999) and Krolzig and Hendry (2001),
PcGets recovers the data generation process (DGP) with an accuracy close to what one would expect
if the DGP specification were known, but nevertheless coefficient tests were conducted. Empirically,
on the data sets analyzed by Davidson, Hendry, Srba and Yeo (1978) and Hendry and Ericsson (1991),
PcGets selects (in seconds!) models at least as good as those developed over several years by their
authors. Automatic model selection is in its infancy, yet already exceptional progress has been achieved,
setting a high ‘lower bound’ on future performance. Moreover, there is a burgeoning symbiosis between
the implementation and the theory — developments in each stimulate advances in the other.

So far section we described the model selection algorithiratdetsas it has been developed by
Hendry and Krolzig (2001) for linear single-equation models when the precise formulation of the eco-
nomic system under analysis is not known. In the following we investigate the generalization of the
algorithm for the reduction of highly parameterized SVAR models.



11

4 General-to-specific reductions in reduced-form VAR models

In the following we investigaté&etsreductions of reduced-form VAR) processes as defined in equa-
tion (1). The GUM is an unrestricted VAR(model and the unknown DGP is a subset of the unrestricted
VAR. Such systems can be analyzed one equation at a time, since every equation has the same set of
regressors, but each variable is the regressand in turn. Thus, VAR modelling is a natural area for the
application ofPcGets By reducing the complexity of the VAR and simultaneously ensuring that the
parsimonious subset VAR will convey all the information embodied in the unrestricted VAR, the selec-
ted simpler model should provide an improved statistical description of the economic wofktGets
has been developed for single-equation models, the critical issue is the potential loss in efficiency by
analyzing the equations of a VAR once at a time using single-equation model selection algorithms rather
than analyzing the system.

First, consider the case where the variance-covariance matrix of the system is diagonal, such that
the equations of the VAR are unrelated to each other:
Proposition 1 (Reduction under conditional independence).Suppose that in reduced-form VAR of
(1), the variance-covariance matkixis diagonal, i.e. alb;; = 0 fori # j.. Then, all possible reductions
of the system can be efficiently estimated by OLS, and model-selection procedures can operate equation-
by-equation without a loss in efficiency.
Proof. Conditional independence @ conditional on its pask;_; allows the factorization of the
probability density function ofj; in terms of its marginals:

Fy(ye|Yi—1) = H Foe Ykt Yi-1).
k=1

This implies that the log-likelihood functioh(#) can be separated with regard to the parameters of

interest,d;, of each equatiof = 1, ..., K of the system which can be varied freely:
K T
Lp(6) =) {Zln Fu (yk:t|yt1§'9k)} :
k=1 \t=1

Consequently, all possible reductions of the system can be (asymptotically) efficiently estimated by
single equation methods (OLS under normality), and reduction procedures can be applied equation-by-
equation without a loss of (asymptotic) efficiency. |

The great advantage of separability of the log-likelihood function is that the model space generated
by the general unrestricted model (GUM), which is of dimensiérif?+1), can be searched i’
subspaces of dimensi@f?+!. This is an econometrically and computationally attractive scenario.

This has strong implications for model selection procedures. Proposition 1 states that the efficiency
of single-equation model selection algorithms depends on the absence of instantaneous causality. In
other words, if the variance-covariance matrix of the system is diagonal, i.e,;a# 0 for i # j,
PcGetscan be used to model the system as in the single-equation framework it has been designed for.

Under the presence of instantaneous causality between the variables, i.er; sghtefor i # j, the
separability property of the log-likelihood function is lost: the equations of the VAR are only seemingly
unrelated to each other. Since eliminating a variable in one equation affects the others, single-equation
model selection procedures are inefficient. This is directly related to the properties of the OLS estimation
method: In contrast to full information maximum likelihood (FIML) and estimated generalized least
squares (EGLS), OLS is an inefficient estimation method for subset VARs with non-diagonal variance-
covariance matrices.
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Krolzig (2001b) discusses generalizations of Besetsalgorithm for the analysis of VAR models
summarized in table 2. System procedures involve (i) joint reductions of the system and (ii) reductions of
the individual equations. In case of the reductions of the system we are interested in a system analysis
of cross-equation restrictions whose acceptance would exclude a regressor from all equations of the
system. Path reduction, for example, would search the system checking the coefficient with the lowest
remainingt?-value of thesystem

(k*,7%,i"):=arg min min min
k=1,..K j=1,. Ki=1,..,

2. .
» kj,i?
instead of checking the coefficient with the lowest remaininglue of thek-th equation
(j,") i= arg_min min ;.
If the coefficienta, ;- ;« of regressom; ;_; in equationk is insignificant, the coefficient is restricted to
zero and the equation is re-estimated by OLS. Alternatively, EGLS could be used whereby the variance-

covariance matrix is taken from the reduced, but otherwise unrestricted system.

Table 2 GetsAlgorithm for stable VAR models under instantaneous causality.

(1) Reductions of the system
System analysis of joint restrictions (OLS}state vectoe n

e Presearch for the exclusion of blocks of variables from the system
e F-test search for the exclusion of single variables from the system
e Diagnostics for the vector of residuals

(2) Reductions of the equations
PcGetsstyle multi-stage multi-path model selection

e Pre-search tests
e Multiple model reduction paths:

— Sequential estimation and test of reductions
— Encompassing

e Union testing
e Sub-sample evaluation

Implementation

(&) Full-information procedure: System analysis (EGLS)
# state vectoe= K(n —m)

(b) Limited-information procedure: Single-equation analysis
# k'h state vectoe= (n — m)

5 General-to-specific reductions of SVAR models

In the case of contemporaneous correlation between the variables of the system, i.e;;sgntefor
1 # j , proposition 1 does not hold. Hence a single-equation reduction procedure fuBetscan not
be an optimal implementation of tligetsmethodology, Though the findings in Krolzig (2001a) suggest
that they still might deliver reasonable results.

In this section we will argue that the recursive structure of SVARs as defined in (5) re-establish
conditions for the (asymptotic) efficiency of single-equati®etsreduction procedures as implemented
by PcGets The crucial point is that the researcher does not aim to reduce the reduced-form VAR, but
the recursive SVAR:
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Proposition 2 (Reduction under causal ordering). Suppose that the GUM is a just-identified SVAR

of the form defined by (5). Then, all possible reductions of the SVAR can be efficiently estimated by
OLS, and model-selection procedures can operate equation-by-equation without a loss in efficiency.
Proof. Causal ordering of; allows the factorization of the probability density functionigfin terms

of marginals and conditionals:

FyelYio1) = fya WielYio1) - fyapyn 2elv1e, Yie1) - fyciynsowne o WEelY16s -+ s Y 16, Yie1)-

This implies that the log-likelihood functiohr(\) can be separated with regard to the parameters of
interest,\, of each equatiok = 1, ..., K of the system:

T K (T
Lr(N) =Y Infy, (yulVi, M) + ) {Zln Forlvrsooyes WktlY1t, - Ye—12, Y1, )\k)} -
t=1 k=2

= t=1

In other words, y1,...,y._1 are weakly exogenous for the parameter vecthy =

(Bkts -+ Brk—1,Tk11, - - -, Driepywi) Of the k-th equation of the SVAR, which can be varied

freely. Thus, reductions procedures of the SVAR can be implemented as single-equation tectliques.
In §7 this case is studied in a Monte Carlo experiment. An alternative, asymptotically efficient

single-equatiorGetsmodel selection procedure is given by proposition 3:

Proposition 3 (Two-stage reduction procedure).Suppose that the SVAR is just identified by the re-

strictions in (7) such that the unrestricté&g;’s are non-zero. Then a two-stage reduction consisting of

(i) estimatingB indirectly from the unrestricted reduced-form VARBS'dg(P), whereP is obtained

from a Choleski decomposition &f and (ii) Getsreductions of the transformed system, is asymptotic-

ally equivalent tdGetsreductions of the SVAR as stated by proposition 2.

Proof. Depends on the consistency of the model selection procedure and that of the OLS estihate of

|

6 Selecting the causal structure

7 Monte Carlo results

Although the sequential nature of proposed model-selection process and its combination of variable-
selection and diagnostic testing has eluded most attempts at theoretical analysis, an evaluation of the
properties of the model-selection process can be achieved by simulation. In the Monte Carlo (MC)
experiment considered here, the properties of the reduction of SVAR modelPedtbts foremost its
‘size’ and ‘power’, are studied under the conditions of proposition 2.

The DGP is a three-dimensional Gaussian SVAR(1) model with the causal ordefing yor —

Y3t

r 0 0 Y1t 71 0 m3 Y1t M1t
Bor 1 0 Yot = 0 722 723 yar |+ | M2 9)
Ba1 P32 1 Y3t 0 0 33 Y3t 3¢t
0 w? 0 0
wheren; ~ NID 0|,] 0 ws O
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The reduced-form VAR(1) model

Y1t Y11 0 Y13 Yit 1t
Yot = —B21711 Vo2 Y23 — 21713 yar | + | exn (10)
Y3t —B21711 —B32722 V33 — B31713 — B32723 Y3t €3t
0 UJ% —ﬁmw% _ﬁ31W%
wheres; ~ NID 01|,| —faw} wi + B3 w? —B30w3 + (3121w}
0 —Bawi  —Psows + P31 fa1wi Wi + w4 BFws

We can think of the following ‘deep’ structure associated with recursive structure of the SVAR

Ay = —a(Yie—1 — yse—1) + M,
Ay = —B(Yar—1 — Yst—1 — Y1t) + M2,
Ayt = Y(y2t — y1e) — pyse—1 + 13,

which results withoe = 0.4, 8 = 0.4, p = 0.4, andvy = 0.5 in the following parameterization of the
SVAR in (9):

1 0 0 Y1t 06 0 04 Y1t N
04 1 0 Yo | = 0 06 04 Yo | + | n (11)
05 —-05 1 Y3t 0 0 0.6 Y3t 13t
0 1 00
m~ND|[|O0],]0 10
0 0 01

Thus reduced form of the SVAR in (11) is given by the VAR(1) model:

” 060 0 040 | [ yu €1t
yu | = | —0.24 060 024 | | yo | + | e (12)
yay —0.42 030 052 | | ys €3t
0 100 —0.40 —0.50
ee~NID[0],] 040 116 078
0 ~0.50 078  1.74

With eigenvalues 06.672 + 0.351 and0.376 of A1, the DGP is stationary with a zero mean.
In the Monte Carlo experiment we intend to evaluate the properties of the following modelling
strategies
(i) the true SVAR(1) in (11);
(ii) ajust-identified SVAR(5) with intercept, which nests (11);
(i) a Getsreduction of the SVAR(5) in (ii) usincGets
(iv) the pseudo-true VAR(1) in (12);
(v) an unrestricted VAR(5) with intercept, which nests (12) and itself is equivalent to the
just-identified SVAR in (ii);
(vi) a Getsreduction of the VAR(5) in (v) usincGetswhich in general will be different
from the selected SVAR in (iii).

The sample siz& is 100 and the number of replication® is 1000. In (iii) and (iv) the conservative

strategy of PcGets is employed. In addition to the selection properties of (iii) and (vi), the analysis of the
simulation experiment will also focus on the accuracy and precision of the resulting impulse-responses

of ()—(vi).
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Table 3 Monte Carlo Results.

Model SVAR VAR

Equation Y1t Y2t Y3t Y1t Y2t Y3t
DGP found when commencing fromit  1.000 0.982 0.999 1.000 0.333 0.386
DGP found byPcGets 0.860 0.788 0.843 0.860 0.222 0.282
Non-deletion probability 0.140 0.189 0.155 0.140 0.325 0.264
Non-selection probability 0.020 0.056 0.021 0.020 0.738 0.675
DGP dominated b¥ycGets 0.099 0.153 0.113 0.099 0.554 0.550
PcGetsdominated by DGP 0.026 0.042 0.031 0.026 0.033 0.038
Size 0.0157 0.0232 0.0169 0.0157 0.0376 0.0305
Size teliability based 0.9880 0.9770 0.9920 0.9880 0.7227 0.7420
Power 0.0116 0.0165 0.0129 0.0116 0.0315 0.0263
Power (eliability based 0.9874 0.9727 0.9912 0.9874 0.7062 0.7250

Table 3 clarifies the ‘success’ and ‘failure’ BicGets Given the characteristics of the DGP, the
probability to find the DGP bycGetsis in betweer8.8% and86% for the SVAR, and22.2% to 86%
for the VAR. . These figures depend on the design of DGP. For the VAR the figures appear to be small,
but have to be compared to the probability of finding the DGP when starting the search from it which is
in betweerB3.3% and100%. As the overall probability to find or miss the DGP is not very informative,
we check by an encompassing test whether the deviation of the model foureldstsfrom the DGP
results in a sound model that, based on statistically criteria, could not have been improved by knowing
the truth. As long aBcGetds able to find a model that is not dominated by the DGP itself, the reduction
process has been a success. If the specific model is dominated by the DGP, the search algorithm has
failed. Our results indicate that the risk to find a model which is dominated by the DGP is relatively
small 2.6% to 4.2%) when compared to the probability that the selectiorPoGetsdominates the
truth which is 3 to 15 times higher. Note that by construction the outconfcGletsalways beats the
unrestricted VAR(5) model.

The ‘size’ of PcGets(the average probability of selecting a nuisance regressor) iswilty to
3.76% slightly higher than the nominal size oftaest which is1%. The size can be further improved
by basing the inclusion decision on the reliability statisticSsége 1l In this case the ‘size’ shrinks
to 1.16% — 3.15%. The ‘power’ of PcGets(the average probability of selecting a DGP variable) is
in between99.2% and72.27%. Overall, PcGetsworks more than satisfactory despite the presence of
collinearity among the regressors.

We now check how the good selection properties of the proposed selection strategy are translated
into accuracy and precision of the impulse responses implied by the empirical model. Figures 1to 5
display the (non-structural) impulse responses of the system for the six modelling approaches. Figures
2 to 4 the structural responses to a shock in the first two equations of the systen? ilN¢(#& that
the 90% confidence intervals for impulse-responses of the true and unrestricted VAR as well as SVAR
only reflect estimation uncertainty, while the confidence intervals for impulse-responses of the models
selected bycGetsalso account for the specification uncertainty.

3Due to the causal order imposed, the responses to a structural shackrimidentical to the corresponding non-structural
one. So just one figure is required.
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The figures suggest that, altogether, the precision of the model selection strategies can be ranked as
follows:

() the true SVAR;
(i) the true VAR;
(iv) the selected SVAR;
(iv) the selected VAR;
(v) the just-identified SVAR/ unrestricted VAR.

Further research is required to demonstrate the robustness of these results.
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8 Empirical illustration

To illustrate the proposeets procedures for SVARs, we will now udecGetsto analyze a small
macro-econometric model for the US. The model is a sub-model of the monetary system considered
by Christiano, Eichenbaum and Evans (1996) consisting of the log of real g;E# log of the GDP
deflator,p, the log of a commodity price index{°, the fed funds rate, the negative log of unborrowed
reservesyU, the log of total reserves;” and the log of M1;n. Christianoet al. (1996) impose the
following causal ordering

U

Mgy =l -l -y

Yt — pt — Py’
to analyze the effects of monetary policy shocks in an unrestricted reduced-formiMaiRbte vari-
ables. Given the original interest in a recursive structure and the strong indication of instantaneous
causality found by Krolzig (2001b), it seems appropriate to utilize the (potential) presence of a causal
order during the reduction process in spirit of proposition 2.

In the following we will restrict our interest to a four-dimension systéfwy, Ap, i, Am)’ while
extending the data set to the period: 1962 (i) to 1999 (iii). Based on Johansen’s cointegration analysis of
the systen{y, p, i, m)’ differencing ofy, p andm does not affect a potential cointegrating relationships.

The cointegration analysis of the systéy, Ap,i, Am)’ still indicates the presence of stochastic
trends even in the transformed system. This could potentially cause a problem as, tBodzts
conducts all inferences af)). Fortunately, most selection tests remain valid even when the data are
I(1), given the results in, say, Sims, Stock and Watson (1990). @Oy F-tests for an effect that
corresponds to a unit root require non-standard critical values. Similarly, Wooldridge (1999) shows that
diagnostic tests on the GUM (and presumably simplifications thereof) remain valid even for integrated
time series.

In spirit of proposition 4we considegetsreductions of just identified SVARs and reduced-form
VARSs using the conservative strategyRdGetsl. As it is a stylized fact that the US economy has been
subject to structural change reducing the volatility of the economic process, the test for heteroscedasti-
city and ARCH of the residuals have removed from the test battery.

Starting point of the analysis is a just-identified SVAR&s defined in equation (5). Al = 24
possible orderings of the four variables of the system are considered. Table 4 reports for each of the
orderings the number of rejected misspecification tests in the just-identified SYARd the following
properties of the SVAR selected B®cGets the log-likelihood (), the number of coefficients:.f, the
value of the Akaike information criterion (AIC, see Akaike, 1973), the Hannan-Quinn criterion (HQ, see
Hannan and Quinn, 1979), the Schwarz criterion (SC, see Hannan and Quinn, 1979), and the reliability
based criterion HK (see Krolzig and Hendry, 2001). The table is ordered with regard to the value of the
HQ criterion. The marked models are of special interest and discussed in following.

Model A maximizes AIC, HQ and HK:

1 0 0 0 Ap,

0 1 0 O Amt A A
= t .

Do T = et wast)

+ - -1 Ayt

The conditional relationships are givenhy Ap; , Am; ) andAy,( Ap; , Amy , 4y ). Asitis
(+ =) ) (+) ()

counterintuitive, that economic activity is a positive function of the real interest rate, we might want to
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Table 4 Comparison of the selected SVARs (ordered by HQ).
Causal Order r L n AlC HQ SC HK  Model
Apy —=Amy— iy — Ay, 3 3044.00 24 -40.0000 -39.8052 -39.5204 -39.8052 A
Apy — Ay — iy —Amy 3 3043.28 24 -39.9905 -39.7956 -39.5109 -39.7892 C
Amy— Apy — iy — Ay, 3 3044.65 25 -39.9953 -39.7924 -39.4958 -39.7860
Amy— iy — Aps— Ay, 3 3044.00 25 -39.9867 -39.7837 -39.4871 -39.7709
Apy —Amy— Ay — 4y 2 304230 24 -39.9775 -39.7827 -39.4980 -39.7742
Apy — iy —Amy— Ay, 3 3038.94 22 -39.9594 -39.7808 -39.5198 -39.7808
it —Amy— Apy — Ay, 3 3042.00 24 -39.9735 -39.7787 -39.4939 -39.7723
Ap; — Ayy —Amy— iy 3 3040.26 23 -39.9636 -39.7769 -39.5041 -39.7705
it — Apy —Amy— Ay, 3 3040.16 23 -39.9624 -39.7757 -39.5028 -39.7757
Apy— iy — Ay, —Amy 3 3036.73 21 -39.9434 -39.7730 -39.5238 -39.7730 B
it — Ay —Amy— Apy 3 3039.79 23 -39.9575 -39.7708 -39.4980 -39.7644
Ay — Apy — iy —Amy 2 3047.83 28 -39.9977 -39.7704 -39.4382 -39.7046 CEE
Amy— Apy — Ay — iy 2 304295 25 -39.9729 -39.7699 -39.4733 -39.7550
it — Apy— Ay —Amy 3 3037.96 22 -39.9465 -39.7679 -39.5069 -39.7679
it — Ay — Apy—Am; 3 3037.96 22 -39.9465 -39.7679 -39.5069 -39.7679
Amy— Ay — Apy — iy 2 3040.89 24 -39.9588 -39.7639 -39.4792 -39.7554
it —Am— Ay — Apy 3 3039.08 23 -39.9480 -39.7613 -39.4885 -39.7549
Ay — iy —Amy— Apy 2 3048.55 29 -39.9940 -39.7586 -39.4145 -39.6864
Ay — iy — Apy—Amy 2 3046.71 28 -39.9829 -39.7556 -39.4234 -39.6898
Ayy — Apy —Amy— iy 2 3044.81 27 -39.9709 -39.7517 -39.4314 -39.6859
Amy— Ay — iy —Apy 3 3039.85 24 -39.9451 -39.7502 -39.4655 -39.7353
Ay —Amy— Apy — iy 2 3043.39 27 -39.9522 -39.7330 -39.4126 -39.6672
Ay —»Amy— iy —Apy 3 3042.36 27 -39.9385 -39.7193 -39.3990 -39.6471
Reduced VAR 2 303251 25 -39.8346 -39.6317 -39.3350 -39.5659
Unrestricted VAR 2 3060.17 84 -39.4195 -38.7376 -37.7410 -37.4183
Just-identified SVAR - 3076.43 90 -39.5554 -38.8248 -37.7570 _

Notes: The reduction process used tomservativestrategy ofPcGetsl with the tests for
ARCH effects and heteroskedasticity switched off. The log-likelihood of the reduced-
form VAR is calculated as the sum of the likelihood of the submodels. All just-
identified SVARs are identical with regard to their likelihood, AIC, HQ and SC. The
number of rejected misspecification tests and HK differ for different causal ordering.
r : number of rejected misspecification tests in the just-identified SYAR(

n : number of coefficients in the SVAR
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consider Model B which maximizes SC:

1 0 0 0 Ap,
1 0 0 it B B
= t :
0 _ 1 0 Ay 9" (past) + ny
0 + — 1 Amt

But the parameters associated with the contemporaneous conditioning are again counterintuitive with
i( Aps ), Aye( i ), andAmy( iy , Ay ).
+ + - +

Finally, we found with Model C an SVAR which is supported by the data and economically inter-
pretable:

1 0 0 Apy 0 + 0 — + Api_1 00 0 0 Api—s |
0 1 0 0 Ay B + ], [0 0 00 Ayer | |0+ = 0 Ayi_s
- 1 0 it N - 0 + + 0 it1 00 0 0 2
0 — + 1 Amy 0 0 0 0 0 Amy_s 0 0 + + Ami s |
00 0 0 Api_3 [+ 0 0 0 Api_4 0 0 — 0 Api_s me |
0 0 0 Ay 0 0 0 0 Ay 0 0 0 0 Ay
n + ‘yt 3 I ‘yt 4 I .yt 5 n N2t
0 0 + + 143 0o 0 — - Tt—a 0O + 0 0 it—5 N3t
00 0 0 Ami_3 00 0 0 Amy_4 0 0 0 0 Amy_s e |

where the third equation describes the nominal interest as a positive function of the contemporaneous
growth and the inflation raté;( Ap; , Ay, ), and money (demand) growth as a positive function of
(+) (+)
the growth of nominal GDP and a negative function of the interest ate;( Ap, , Ay, , i ).
(+) -+ )
Interestingly the model is consistent withGetsreduction of an SVAR with the causal ordering
proposed by Christianet al. (1996), denoted CEE, whose recursive structure is given by:

1 0 0 0 Ay, 1 0 0 Ap;
01 0 0 Apy | .| 0 1 0 0 Ay,
- — 10 iw | |- — 10 i

- 0 + 1 Amy 0o — + 1 Amy

After reordering the equations, the same causal order as in Model C emerges. But Model C is clearly
more parsimonious and, hence, preferred by all four information criteria. Altogether, we conclude
that the support for the selected model is strong: Starting with the unrestricted SVaRihe GUM,
PcGetssets 66 zero restrictions, it finds 23 coefficients that are significant d®thgercent level and

one significant at the% percent level. The details are reported in the appendix.

For comparison, we also considered single-equaBetsreductions of the reduced-form using the
reduction strategy of Krolzig (2001a). The results (reported in the appendix) confirm the findings of the
Monte Carlo: There are clear advantages of applfAnGetgo the SVAR when compared to reductions
of the reduced-form VAR byPcGets 59 null restrictions are set, 3 coefficients are insignificant, one
coefficient is significant at thé% percent level and 21 coefficients are significant atitftepercent
level. Interestingly, the reduction of the VAR is unanimously and clearly dominated by the reductions
of the SVAR discussed earlier. It would be worth to compare the outcorRe®&tsto other reduction
procedures such as Bygemann and litkepohl (2000) (see also Bggemann, Krolzig and wtkepohl,

2001). Further research on the pros and cons of the proposed procedure is required.

Figures 6 and 7 show the impulse responses for the unrestricted VAR, the selected SVAR (Model C)

and reduced-form VAR selected BPgGets In 7 the orthogonalized responses are plotted, where in case
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of the reduced system the variance-covariance matrix as estimated by FIML has been used. The solid
line represents the response in the selected SVAR, the dashed line the response of the unrestricted VAR
(which is identical to that of a just-identified SVAR) and the dashed line the response in the selected
reduced-form VAR. Interestingly, the responses of the VAR and its reduction show a very similar pattern.
There is no indication of a bias caused by the reduction. Indeed, from the Monte Carlo sf@dyen

expect that the responses in the reduced SVAR model estimated more precisely than in the alternative
models. OverallPcGetsseems to be useful for the specification of SVAR and the analysis of their
impulse responses.

9 Extensions

The approach considered so far is limited in two important respects: (i) the stationarity of the data-
generating process and (i) the recursive structure of the SVAR. In the following we outline how these
limitations can be overcome in a more general setting which still allows the application of the reduction
procedure discussed here.

First, we assumed that the VAR is stable. Most economic data show stochastic trends, so that we
should allow for integrated and possibly co-integrated processes. Note that the reduced-form VAR(
model in (1) can always be represented as-¢h order vector equilibrium correction model (VECM)

p—1

Ay =v+ Ty 1 + Z TiAyi—1 +e,, &~ NID(0,X). (13)

=1
If IT has full rank, the variableg are(0), and without further restriction, the VECM is just- identified.
An identification issue arises when the<rank(II) = r < K, in which casey; ~ I(1) and there exit
r cointegration vectorg’y, ~ I(0). Various methods for the cointegration analysis of multiple time
series have been proposed in the literature. Asbesprocedures discussed here are likelihood based,
Johansen’s concentrated-likelihood-function approach (see Johansen, 1995) is apparently the natural
choice and suggests a three-stage reduction approach

() Johansen’s reduced rank procedures are based on the unrestricted reduced-form VAR. Therefore
a lag selection procedure to determine the order of the VAR precedes the cointegration analysis.
This step could involve a liberal sequentialtest procedure of block restriction$; = 0 for
i =h,h—1,...0r AIC model comparisons.

(i) The Johansen procedure for empirically determining the cointegrationmapkoduces unique
estimates ofx and 3 as a result of requiring to be orthogonal and normalized. This estimate
provides a value for the unrestricted log-likelihood function to be compared to the value for the
log-likelihood function under overidentifying restrictions farand 5 which have an economic
interpretation.

(i) Given the outcome of the cointegration analysis (the cointegration ran&integration matrixg
and the structure af), the analysis then focuses either on reduction of the short-run dynamics
in the corresponding (stationary) reduced-form VE@M(1),

p—1
Ay =v+on (By—1) + > Tillye1+e, & ~NID(0,5), (14)
=1
or, for a given recursive structure, aff in the structural VECM
p—1
BAy; =6+ o} (Byi-1) + > TiAye 1 +m, e~ NID(0,9). (15)
=1
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The (just) identification of (15) follows from the restrictions formulated in (7) and the equivalence
with (13) is given by:

Yy = BBV,

o, = B lak,
T: = BT, fori=1,....,p—1,
v = BT

Equation (15) becomes the new GUM to which gemeral-to-specificeductions discussed above
can then be applied.

Alternatively, when the cointegration vectors are imposed by economic theor@ettseeduction ap-
proach might be limited to the short-run dynamics.

Secondly, the limitations of the recursive structure and closeness of the SVAR in (5) which is prob-
lematic if the underlying economic theory predicts the interdependence of the endogenous variables in
the temporary macroeconomic equilibrium. Fortunately it is possible to relax the assumptions made
in §4 without risking the basic properties of ti@&etsreduction approach. Though, in general, single-
equation reduction procedures will be become inefficient.

In principle, the reduction approach proposed here can be applied to any simultaneous equation
model

By, = Tz +my, (16)
’I’}t|Zt ~ NID(O,Q),

where restrictions o0B, I') garniture that the model is identified, i.e. in the sense of famous Cowles’
Commission rank condition. If the system is the recursive (i.e. B triangular), proposition 2 holds and
implies the (asymptotic) efficiency of single-equation reduction procedure.

Many SEMs used in practice suffer from sparsely formulated dynamics which can affect the struc-
tural stability and interpretability of the model. A useful application of the reduction approach proposed
in this paper is the enrichment of the SEM in (16) with additional variables collected in the wector
which do not interfere with the identification restrictions of the original (i.e. they do not include elements
of 4 andz;) and enter each equation unrestrictedly:

B*yy = Iz + Cwe+ 1y a7
n;|ze,we ~ NID(0,Q%),

The reduction process would look for simplifications(dfconditional on the fixed structure & and

I". Note that the first step dPcGetsis the test ofC' = 0 (currently implemented for each equation
separately) which helps to control the size of the procedure. Apparently, this approach should help to test
for omitted variables and dynamic misspecifications. But the approach might be useful for researchers
which derive (16) from a theoretical model, but want to ensure the congruence (i.e. the absence of
misspecifications) of the empirical model by introducing variables or dynamics which are of potential
importance for the analyzed data but are not subject of the theoretical analysis (e.g. the use of monetary
time series given a non-monetary theoretical model).

10 Conclusions

The aim of the paper was to propose and evaluate computerized model-selection strategies for structural
VARSs, to see if they worked well, indifferently, or failed badly. The results come much closer to the first.
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In the Monte Carlo experimenBcGetsrecovered the DGP specification from a large just-identified

VAR with anticipated size, and power close to commencing from the DGP itself. The accuracy and
precision of the impulse responses of the SVAR selecte®d$etsdominate those of unrestricted
models even if the potential selection error is taken into account. The feasibilRc®etsfor the

SVAR analysis of macroeconomic data sets has been demonstrated. Possible extensions could involve
cointegrated and identified interdependent simultaneous equation models.
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Appendix

We report here the estimated SVARs A, B, and C and the reduced-form VAR of

SVAR model A

Estimation results:

Ap, = 0594 Ap;_y+ 0.324 Apy_q+0.0509 Amy_q + 0.047 i,y — 0.0466 iy_s5
(0.0656) (0.0678) (0.0185) (0.0107) (0.0107)
Am; = 0384 Amy_;+ 0.363 Amyo— 0.232 i, 1 + 0.277 is_o
(0.0732) (0.0752) (0.0508) (0.0501)
9 = — 0.0117 +0.861 Ap; — 0.294 Am;+ 0.291 Amy_z+ 0.509 i;_q + 0.397 i;_3
(0.00391) (0.211) (0.0987) (0.0981) (0.0662) (0.0669)

4+0.394 Ay, + 0.348 Ay_o + 0.403 Ayy_s

(0.134) (0.127) (0.112)
&Jt = 0.016 —0.298 Ap; + 0.153 Amy + 0.173 44 — 0.247 i3_o — 0.191 Ay,_5
(0.00165)  (0.125) (0.0519) (0.0366) (0.0337) (0.0674)

Estimation statistics:
RSS o R? R?
Ap; : 0.0010 0.0026 0.8266 0.8210
Am; : 0.0109 0.0086 0.4852 0.4747
7t : 0.0205 0.0120 0.8673 0.8598
Ay, : 0.0074 0.0071 0.3463 0.3237

SVAR model B

Estimation results:

Ap, = 0594 Ap;_y+ 0.324 Api_y+ 0.047 i1 — 0.0466 is_s5 + 0.0509 Amy_
(0.0656) (0.0678) (0.0107) (0.0107) (0.0185)
B = — 00123 + 0.857 Ap;+ 0.566 ir_1 + 0.341 i_g + 0.449 Ays_;
(0.00395) (0.213) (0.0659) (0.0666) (0.137)

+0.349 Ay;_o + 0.413 Ayi_5

(0.131) (0.115)
Ay, = 00171 + 0.122 i — 0.226 345 — 0.19 Ay,_s
(0.00159) (0.0341) (0.0338) (0.0691)
Am; = — 0218 it + 0.209 Ay, +  0.25 i + 0.446 Amy_q+ 0.268 Amy_o
(0.0392) (0.0741) (0.0374) (0.0706) (0.0723)

Estimation statistics:

RSS o R? R?
Ap; : 0.0010 0.0026 0.8266 0.8219
i @ 0.0222 0.0124 0.8560 0.8500

Ay @ 0.0080 0.0074 0.2903 0.2758
Am; @ 0.0102 0.0084 0.5188 0.5056



SVAR model C

Estimation results:

Ap, = 0594 Ap;_y+ 0.324 Api_y+ 0.047 i1 — 0.0466 is_5 + 0.0509 Amy_
(0.0656) (0.0678) (0.0107) (0.0107) (0.0185)
Ay, = 00136 + 0.176 Ay, o — 0.222 3o+ 0.125 is 3
(0.00186) (0.0781) (0.0445) (0.0461)
o= — 0013 +0.721 Ap,+ 0.45 Ay + 0.359 Ayy_q + 0.413 Ayy_s
(0.00385) (0.203) (0.124) (0.134) (0.112)

+ 0.691 441 + 0.473 i3 — 0.245 444 + 0.321 Amy_3 — 0.246 Amy_4

(0.0629) (0.0828) (0.0729) (0.105) (0.107)
Am; = 0209 Ay, — 0218 iy + 0.25 i_o + 0.446 Amy_1 + 0.268 Amy_o
(0.0741) (0.0392) (0.0374) (0.0706) (0.0723)

Estimation statistics:

RSS o R? R?
Ap; : 0.0010 0.0026 0.8266 0.8219
Ay, : 0.0084 0.0076 0.2550 0.2398
¢ 0.0194 0.0117 0.8742 0.8662
Am; : 0.0102 0.0083 0.5188 0.5056

Causal Ordering as in Christiano et.al. (1996)

Estimation results:

Ay, = 00128 + 0216 Ay_y + 0.096 Ay,_o — 0.144 Ay_y + 0.292 Ay,_s
(0.00226) (0.0822) (0.0761) (0.0722) (0.224)

—0.294 Aps_o — 0215 Api_s + 0.13 iz

(0.229) (0.0383) (0.0395)
Ap, = 0594 Ap,_; + 0.324 Ap,_4 + 0.047 i, —0.0466 i;_5 +0.0509 Amy_;
(0.0656) (0.0678) (0.0107) (0.0107) (0.0185)
i o= — 0.013 + 0.45 Ay, +0.721 Ap; + 0.359 Ay,_q + 0.413 Ay_s
(0.00385) (0.124) (0.203) (0.134) (0.112)

+ 0.691 i1 + 0.473 d4—3 — 0.245 ;4 + 0.321 Amy_3 — 0.246 Amy_y

(0.0629) (0.0828) (0.0729) (0.105) (0.107)
Am; = 0209 Ay — 0.218 4 + 0.25 4o + 0.446 Amy_1 + 0.268 Amy_o
(0.0741) (0.0392) (0.0374) (0.0706) (0.0723)

Estimation statistics:

RSS o R? R?
Ay, : 0.0079 0.0074 0.2986 0.2642
Aps : 0.0010 0.0027 0.8266 0.8219
it ¢ 0.0194 0.0117 0.8742 0.8662
Am; @ 0.0102 0.0083 0.5188 0.5056



Reduced-form VAR model

Estimation results:

Ap, = 059 Ap,y + 0.324 Ap,_g + 0.047 iy —0.0466 i;_5 + 0.0509 Amy_
(0.0656) (0.0678) (0.0107) (0.0107) (0.0185)

Ay, = 00128 +0.292 Apy — 0.294 Ap,_s + 0.216 Ay,
(0.00226) (0.224) (0.229) (0.0822)

+ 0.096 Ay; o — 0.144 Ay, g4 — 0.215 Ay, 5 +  0.13 44
(0.0761) (0.0722) (0.0383) (0.0395)

iw = 0534 Apt,Q + 0.296 Ayt,l +0.297 Ayt,5 + 0.698 7;_1
(0.223) (0.116) (0.11) (0.0624)

+ 039 43 — 0.241 444 + 0.29 Amy_3 — 0.24 Amy_4

(0.087) (0.0769) (0.111) (0.111)
Am; = — 023244 + 0277 i9 + 0.384 Amy_q + 0.363 Amy_o
(0.0508) (0.0501) (0.0732) (0.0752)

Estimation statistics:
RSS & R? R2
Ap; : 0.0010 0.0026 0.8266 0.8219
Ay, : 0.0079 0.0074 0.2985 0.2642
it @ 0.0222 0.0125 0.8560 0.8489
Am; : 0.0109 0.0086 0.4852 0.4747



