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BAYESIAN SIMULTANEOUS
EQUATIONS ANALYSIS USING
REDUCED RANK STRUCTURES

FRANK KLEIBERGEN AND HERMAN K. VAN DiJK
Econometric and Tinbergen Institutes
Erasmus University Rotterdam

Diffuse priors lead to pathological posterior behavior when used in Bayesian anal-
yses of simultaneous equation models (SEM’s). This results from the local non-
identification of certain parameters in SEM’s. When this a priori known feature is
not captured appropriately, it results in an a posteriori favoring of certain specific
parameter values that is not the consequence of strong data information but of local
nonidentification. We show that a proper consistent Bayesian analysis of a SEM
explicitly has to consider the reduced form of the SEM as a standard linear model on
which nonlinear (reduced rank) restrictions are imposed, which result from a sin-
gular value decomposition. The priors/posteriors of the parameters of the SEM are
therefore proportional to the priors/posteriors of the parameters of the linear model
under the condition that the restrictions hold. This leads to a framework for con-
structing priors and posteriors for the parameters of SEM’s. The framework is used
to construct priors and posteriors for one, two, and three structural equation SEM’s.
These examples together with a theorem, showing that the reduced forms of SEM’s
accord with sets of reduced rank restrictions on standard linear models, show how
Bayesian analyses of generally specified SEM’s can be conducted.

1. INTRODUCTION

Since the early 1940’s a lot of research has focused on the development of statis-
tical methods for analyzing simultaneous equation models (SEM’s) (see, e.g.,
Haavelmo, 1943; Anderson and Rubin, 1949). It shows that models that are able
to generate variables simultaneously are important because this is a stylized fact
of many economic time series. The SEM is not only important but also rather com-
plicated as a result of the problems regarding the identification of its parameters.
The identification of the structural parameters is reflected in the rank and order con-

Part of this research was carried out while the first author was hosted at the department of Econometrics at Tilburg
University and during his PPS fellowship of the Netherlands Foundation for Scientific Research (N.W.0). We thank
four anonymous referees, Luc Bauwens, Peter Phillips, Dale Poirier, Arnold Zellner, Eric Zivot, and other seminar
participants for helpful comments and suggestions. This paper has previously circulated as “Bayesian Simultaneous
Equations Analysis: On the Existence of Structural Posterior Moments” and “Bayesian Simultaneous Equations
Analysis Using Noninformative Priors” (see Kleibergen and van Dijk, 1992, 1994a). Address correspondence to:
Frank Kleibergen, Econometric Institute, Erasmus University Rotterdam, P.O. Box 1738, 3000 DR Rotterdam, The
Netherlands.

© 1998 Cambridge University Press  0266-4666/98 $9.50 701



702 FRANK KLEIBERGEN AND HERMAN K. VAN DIJK

ditions that result from the implied reduced form (see Hausman, 1983). The order
condition reflects overall identification whereas the rank condition reflects local
(non) identification. This latter phenomenon, local nonidentification, is shown to
lead to pathological posterior behavior when flat priors are used in Bayesian anal-
yses of the SEM. This behavior occurs in the traditional Bayesian analyses of
SEM’s documented in the literature (see, e.g., Dréze, 1976; Dréze and Morales,
1976; Dréze and Richard, 1983). We show its occurrence in a limited information
(one equation) analysis of the SEM. Similar behavior can be found in other spec-
ifications of the SEM as well because the origin of the pathological posterior be-
havior, local nonidentification of parameters, is exemplary to SEM’s.

To obtain a consistent Bayesian analysis of a SEM that does not suffer from
these pathologies, we construct a framework in which the reduced form of a SEM
is specified as a multivariate linear model with nonlinear (reduced rank) restric-
tions on its parameters. Using singular value decompositions we specify the re-
strictions such that a one-to-one correspondence with a linear model is obtained
when the restrictions do not hold and the reduced form of the SEM is obtained
when they hold. The prior and posterior analysis then results when this specifi-
cation is used in the framework for analyzing nested models as parameter restric-
tions of embedding models constructed in Kleibergen (1997). It a.o. leads to
invariance of the priors and posteriors with respect to the specification of the
model. The resulting posteriors of the parameters of the SEM accord with the
posterior of the embedding linear model. Our analysis is therefore similar to
the construction of the Savage-Dickey density ratio (see Dickey, 1971). That is,
we construct the priors/posteriors in the points where the hypothesis (restriction)
holds. In contrast, the posterior of the parameters of a SEM, derived in the usual
way using a diffuse prior, is inconsistent in the sense that its implied posterior of
the parameters of the embedding linear model is not a member of the standard
class of posteriors of the parameters of linear models (see Kleibergen, 1997).

The paper is organized as follows. In Section 2, we show the pathologies aris-
ing in the posteriors of the parameters of an incomplete (one structural equation
analysis of a) SEM when flat priors are used. Sections 3 and 4 show how an
incomplete SEM is rewritten as a multivariate linear model with nonlinear pa-
rameter restrictions. We use this specification jointly with the framework for
analyzing nested models as parameter restrictions of embedding models to obtain
the prior and posterior analysis. Singular value decompositions are also involved
that are similar to the canonical correlations used in a limited information max-
imum likelihood analysis (see Anderson and Rubin, 1949). In Section 5, posterior
simulators are constructed to sample from the posterior of the parameters of an
incomplete SEM. Section 6 extends the one structural equation analysis to a full
system analysis by showing that a fully specified SEM accords with a set of
reduced rank restrictions on a linear model. Different subsections then show the
framework for prior and posterior analysis for two and three structural equations
and also show that the order condition for a full system analysis of a SEM can
differ from the order condition resulting from a one structural equation analysis.
Finally, Section 7 contains conclusions.
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2. NONIDENTIFICATION AND PATHOLOGICAL POSTERIOR BEHAVIOR

To show the consequences that local nonidentification of parameters of SEM’s
has for posterior distributions, we analyze, as an example, the case of one (set of )
structural equation(s). This model is also known as the incomplete simultaneous
equations model (INSEM). As the results for the posteriors of the INSEM are
exemplary for other specifications of the SEM, the importance of a proper treat-
ment of the issue of local nonidentification is shown by the analysis of the INSEM.

We use as specification of the INSEM (see Zellner, Bauwens, and van Dijk,
1988)

n=hLp+Zy+es,

2.1)
Y, =Z\llj, + Z,1I, + &,

where y;: T X 1and Y,: T X (m — 1) are endogenous and Z,: T X k; and Z,: T X
ky, k =k, + k, contain the (weakly) exogenous (see Engle, Hendry, and Richard,
1983), and lagged dependent variables, B:(m — 1) X 1, y:k; X 1, II, =
(T}, 115,) :k X (m — 1) and we assume that (g; &,) ~ n(0,3 & Ir). The iden-
tification problems arise when the parameter IT,, = 0 (or has reduced rank) as
(parts of) the structural form parameter B is then nonidentified. This is easily
seen when we construct the reduced form of the INSEM (2.1),

n=2Zymy+ 0B+,
Y, =Z 1), + Z,1I; + &,
where 1y =y + 1138, §1 = &1 + 28, (§1 &) ~n(0,Q), % = B'QB, and

. 1 0 )
_(_ﬁ ) - '

When IT,, = 0, B is not identified in (2.2) and the disturbances &, are not affected
by the value of B. So, the likelihood is flat and nonzero in the direction of 8 when
I1,, = 0. If we use flat (diffuse) priors in a Bayesian analysis of the INSEM, such
that the joint posterior is proportional to the likelihood, the joint posterior of the
different parameters will also be flat and nonzero in the direction of 8 for zero
values of I,,. This property is passed on to the marginal posteriors, which are the
integrals of the joint posterior over the different parameters. To show the conse-
quences for the marginal posteriors in practice, we calculated the marginal pos-
teriors of the parameters of the demand equation of the “Tintner meat market”
model (see Tintner, 1952). In this exact identified model, y, reflects quantity of
meat consumed, y, is the price of meat, z, is national income per capita, z, is the
cost of processing meat (all variables are in deviation from their mean), m = 2,
k 1= k2 =1

In Figure 1, the joint posterior of 8 and II,, is drawn for the Tintner meat
market dataset, and Figure 2 contains the contour lines of this bivariate posterior.
The functional form of this posterior is obtained by using a flat prior (o< 1) and
integrating out (2, 7,I1;,) and reads

2.2)
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FIGURE 1. Bivariate posterior (3, 7,,) demand equation Tintner model.

(B |Y,Z) & [(y; — Z,105, B) M(z,.)(y1 — Zo 11, B) |~ /DT Himm=1)
X (Y, = Zy11p0) My (Y, — Z,T1,)|~W/AT—kimm=1), 2.3)

as Y2 = Zlnlz + Z2H22 + &, and MV = IT - V(VIV)_IV’, V= Z], V= (Zl 82).
Both Figures 1 and 2 and the functional form of the posterior in (2.3) show that

"3 2 -1 0 1 2 3

FiGure 2. Contour lines marginal posterior (3,II,,) demand equation.
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the marginal posterior does not depend on 8 when Il,, = 0 as it is flat and nonzero
in the direction of B for zero values of II,,. This implies that the marginal pos-
terior of I1,,, which is the integral of the posterior (2.3) over 8, will be infinite at
I1,, = 0 as at this particular value of IT,, we construct an integral of a function
over an infinite parameter region whereas the function itself does not depend on
the parameter B over which we integrate. So, the integral will be proportional to
the size of the parameter region, i.e., infinity. Both the functional form of the
marginal posterior of II,,,

p(,|Y,Z) & |5y Z5 Mz, o) Zo Ty | 712

My Zy Mz, v,) Zy 1| |~ /2T Rm20m=1)
(T, Z3 Mz, v, v,) Z2 11 |

X (Y, = Zo M) My, (Y, = Z,11,,) |~ /2T ki=m=1), 2.4)

and the marginal posterior of II,, for the Tintner dataset from Figure 3 show this
phenomenon, and consequently the value of the posterior of I, is infinite at
H22 =0.

The nonidentification of 8 also has consequences for its own marginal poste-
rior, which belongs to the class of 1 — 1 poly ¢ densities. See Bauwens and van
Dijk (1989), Dréze (1976), Dréze (1977), Dréze and Richard (1983), and Richard
and Tompa (1980) for an efficient algorithm to calculate the moments of this class
of densities. This posterior reads

1

-0.5 0.4 0.3 0.2 -0.1 0 0.1

FIGURE 3. Marginal posterior 75, demand eqpation Tintner model.
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p(BIY,Z) x |(y; = %, B) Mz, z,,(y1 — ¥, B)| VP T~ki=ka=m=1)
X |(y1 = L BY Mz, (y, — Y, B)|"W/DTkamm=1), 2.5)

and it has fat tails resulting from the flat nonzero conditional posterior of 8 given
I1,, = 0. For the case of the Tintner model, the marginal posterior is even nonin-
tegrable, which is plausible given the fat tails of the marginal posterior of B
shown in Figure 4. In general, the moments of the posterior in (2.5) exist up
to/including the degree of overidentification minus 1, implying that exact iden-
tified models lead to nonintegrable posteriors when flat (diffuse) priors are used.

A popular method for numerical calculation of posterior densities is to con-
struct the conditional posteriors and use them to perform Gibbs sampling (see
Gelfand and Smith, 1989; Smith and Roberts, 1993). When this Markov chain
Monte Carlo (MC?) algorithm is used to compute the marginal posteriors of the
parameters of the INSEM, as in Geweke (1996), the local nonidentification prob-
lems lead to a reducible Markov chain because when a locally nonidentified
parameter value is drawn, the sampler continues drawing nonidentified param-
eter values. Stated differently, the region of locally nonidentified parameter val-
ues is an absorbing state. in the Markov chain. The posterior, therefore, violates
the convergence conditions for Gibbs samplers as outlined in Roberts and Smith
(1994). A solution to this problem is to use informative priors, but this approach
is questionable when priors are used that are not in accordance with the likelihood
(see Kleibergen, 1997).
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FIGURE 4. Marginal posterior 8 demand equation Tintner model.



BAYESIAN SIMULTANEOUS EQUATIONS 707

The integrability problems of the posteriors discussed previously result from the
dependence of the structural form parameter 3 on Il,,. In classical econometric
analysis (see Anderson, 1982; Phillips, 1983; Poirier, 1994), the parameter 3 is an-
alyzed conditional on a so-called concentration parameter. This is essentially a sta-
tistic to test the hypothesis Hy: IT,; = 0, and it shows whether the information in
the likelihood is concentrated around IT,, = 0. When this concentration parameter
tends to infinity when the sample size becomes large, normal asymptotic theory
can be applied (see Anderson, 1982; Phillips, 1983). When II,, = 0, however, es-
timators of B, like 2SLS, converge to random variables (see Phillips, 1989). The
integrability problems outlined previously show that also in a Bayesian analysis 3
has to be analyzed given II,,, which is natural given that the identification prob-
lems in the likelihood result from model properties, i.e., the nonidentification of
B atI1,, = 0, and are not the result of inferior data. Because we know a priori that
these integration problems arise, a framework is needed that formalizes the way
the parameters are analyzed conditional on one another and that leads to nonpath-
ological posteriors. This framework is constructed in Kleibergen (1997) and is used
in the following sections.

3. PRIORS FOR THE INSEM PARAMETERS

In the previous section, we showed that the parameters that suffer from local
nonidentification problems should be analyzed conditional on the value of their
identifying parameters. This is one of the main properties obtained through the
priors constructed in this section. In previous versions of this paper (see Kleiber-
gen and van Dijk, 1992, 1994a; see also Kleibergen and van Dijk, 1994b; Kleiber-
gen and Zivot, 1998; Chao and Phillips, 1998), Jeffreys’ priors are used to obtain
this property. The resulting posterior when this prior is used is, however, not
nested within the assumed posterior of the parameters of the embedding un-
restricted linear model. This is a key property of the priors constructed in this
section. The prior we construct in this section results from Kleibergen (1997),
where it is shown that a whole range of models can be considered as nonlinear
restrictions on the parameters of standard linear models. This gives a general
framework for the analysis of a large class of models (see also Kleibergen and
Hoek, 1996; Kleibergen and Paap, 1997).

3.1. SEM'’s as Linear Models with Nonlinear Parameter Restrictions

Overidentified SEM’s can be considered as a nonlinear restriction on the param-
eters of a multivariate linear model. It is well known how diffuse and conjugate
priors and their resulting posteriors are constructed for the parameters of linear
models (see Zellner, 1971). When we explicitly consider the SEM as a nonlinear
restriction on the parameters of a linear model, the priors and posteriors of the
parameters of the SEM result, straightforwardly, as proportional to the priors and
posteriors of the parameters of the linear model under the condition that the re-
strictions on these parameters hold (see Kleibergen; 1997).
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To analyze the restrictions imposed by a SEM on the parameters of a linear
model consider the INSEM (2.1) and its implied reduced form (2.2). To show the
imposed restrictions, we add a parameter A to this model that is such that when it
is nonzero, (i) there is a one-to-one correspondence with a standard linear model
and when it equals zero both (ii) the reduced form of the INSEM results and (iii)
it is locally uncorrelated with specific other parameters. This latter property is
needed to obtain priors and posteriors of the parameters of the INSEM that are
invariant with respect to the specification of the model (see Kleibergen, 1997, for
an exact specification of the conditions the restrictions have to satisfy). Several
restrictions imposed on the linear model namely lead to the reduced form of the
INSEM, but only one restriction leads to priors and posteriors that are invariant
with respect to parameter transformations. This invariance property is needed to
avoid the Borel-Kolmogorov paradox (see Billingsley, 1986; Dréze and Richard,
1983; for more details on this posterior invariance, see Kleibergen, 1997). The
resulting model, which we call the unrestricted SEM, reads

(Y1 Y,) =Z(my ) + Z0n(B  I,-)
+ Z,115, A(ﬂ Ly + (fl Sz)a 3.1

where A:(k, —m+1) X 1and I, (B I,,-.), are the orthogonal complements
of Ty, (B I,-1) resp., such that II%I1,, = 0, (B I,-1)(B I,-1). = 0,
and My, M = Iyomets, (B In-1)u(B In-y)L = 1 (e, Ip =
(Moo T3y Tiyms1) Tyam—1 + Mop T3 T Thy) ™% when M, =
(Tyyy M), Thppyi(m — 1) X (m — 1), My (ky — m + 1) X (m — 1), and
(B I,—),=(1+B'B)"2(1 —B')). We note that the orthogonal complements
used in other parts of the paper are defined identical to the ones stated previously.

It is clear that when A = 0, (3.1) is identical to (2.2) and because A is multiplied
by the orthogonal complements of the matrices containing 8 and I1,,, the infor-
mation matrix is block diagonal at A = 0. We therefore say that A is locally
uncorrelated with 8 and IIy, at A = 0. The one-to-one correspondence between
the parameters of (3.1) and a multivariate linear model,

myy I

" @2) + (&1 &), 3.2)

(»n R)=(Z Zz)(

where @,: ky X 1, ®,:k, X (m — 1), can be shown using a singular value decom-
position (SVD) of ® = (¢, ®,) (for definitions of a SVD, see Golub and van
Loan, 1989; Magnus and Neudecker, 1988). The equality of (3.2) and (3.1) is
shown in Appendix E and uses the SVD of @,

® = Usv/, 3.3)

where U:ky X ky, U'U=1,; Vim X m,V'V=1,;and § : k, X m s a rectangular
matrix containing the (nonnegative) singular values (in decreasing order) on its
main diagonal (= (sy;...85u,))- If we now write
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Ull U12 Sl 0 Vi V12
U= , S= , and V= , 3.4)
(UZI Uzz) ( 0 5 Var vy (

where Uyy,S1,Var:(m—1) X (m — 1); v15: 1 X 15 011, vpp: (m — 1) X 1; Upy: (m —
1)X(k2"“m+1); U21(k2—m+1)><(m—1); U22:(k2—m+1) X(kz_m+
1); 55: (ky — m + 1) X 1, then the following relationship between (II,,, 8, A) and
(U,S,V) results:

Uy,
A= (U Us) "2 Uy, 55015 (v12012) V2 3.5)

U“ ! 1—1,,7
I = $1Vai, B = V3 vi;, and

Furthermore, the SVD shows that A is identified by the smallest singular value of
® contained in s, and is essentially a rotation of s, because s, is pre- and post-
multiplied by orthogonal matrices to obtain A. Because the singular value s, is
invariant with respect to the ordering of the variables contained in Y (=(y; Y,))
and Z,, the length of A, which is equal to the length of s, because it is a rotation
of s,, is identical for all orderings of the variables contained in ¥ and Z,. This
property is needed to obtain a prior/posterior of the parameters of the INSEM
that is invariant with respect to the ordering of the variables in Y and Z,.

When we use the least-squares estimator of ® in (3.3), & =
(ZyMz,Z,)' Z, M5 (y, 1), the estimators for B and II,, resulting from (3.5)
are similar to the limited information maximum likelihood estimators (see An-
derson and Rubin, 1949; Hausman, 1983) when the instruments are reasonable
(for a proof of this, see Kleibergen and Zivot, 1998). The hypothesis Hy: A = 0
can also be tested in that setting to check the validity of the imposed
overidentification.

The preceding discussion shows that the INSEM can be considered as a non-
linear (reduced rank) restriction, A = 0, on the parameters of the linear model
(3.2). We therefore construct the priors and posteriors of the parameters of the
INSEM (2.1) as proportional to the priors and posteriors of the parameters of
the linear model (3.2) evaluated in A = 0. This framework for constructing priors
and posteriors results from Kleibergen (1997), and we discuss its results for the
INSEM in the following (sub)section. The framework can also be used in a full
system analysis in which SVD’s have to be applied recursively. As this becomes
notationally more complicated we discuss it in a later section. Note also that the
analysis for exact identified SEM’s directly results from the standard linear model
because in that case there is a one-to-one correspondence between the parameters
of the structural form and the linear model.

3.2. Prior Framework for SEM'’s

As shown previously, the INSEM can be considered as a nonlinear restriction on
the parameters of a multivariate linear model. It is, however, not possible to
analytically construct the conditional posterior of the parameters, Q, 71, 8, I11,,
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and IT,,, given the parameter reflecting the restrictions, A (see Kleibergen, 1997).
To show this let § = (7711, ﬂ, le, H22) and n= (‘I), 11, 1-[12), then

punsem(0 AI‘Q Y Z) °‘P1m(77(0 A)I‘Q Y, Z)I
where 7 is a function of § and A and unsem stands for unrestricted SEM and lin
for linear model. Assume that the posterior of 7 is well behaved, which is
typically the case for the posterior of the parameters of a multivariate linear
model; then we cannot give an exact expression of the conditional posterior of
0 given A, Punsem(0|A,Q,Y,2Z), including its normalizing constants because we
cannot construct the marginal posterior of A, pu.em(A|Y,Z), analytically. This
results as A is multiplied by IT,,, and (8 I,-1), in (3.1). The term A is there-
fore partly a nonlinear function of 8 and IT,, such that we cannot construct its
marginal posterior analytically. So, to obtain a consistent analysis, in the sense
that the INSEM has to accord with its embedding linear model, we cannot
ignore that the INSEM is a linear model with nonlinear restrictions on its pa-
rameters and just proceed by constructing the posterior as in Section 2. In that
section we namely implicitly assumed that the involved posterior is propor-
~ tional to pyusem(0,A|Q,Y,Z)|,~¢. This implies a posterior for the parameters of

the linear model in A = 0,
3(6,A)
on

As shown in Section 2 the posterior p e (6, A|Q, Y, Z)|,~¢ is badly behaved, and
the resulting p;;, (9| Q,Y,Z)|,~ is thus also badly behaved. This is, however, a
posterior of the parameters of a linear model that is normally well behaved and
well understood. It therefore does not belong to (or is nested within) the standard
class of posteriors of parameters of linear models. For more details, refer to Kleiber-
gen (1997). Also slight modifications of the INSEM, to, for example, an INSEM
that is nested in the original INSEM, lead to a different implied posterior of the
parameters of the embedding linear model. We therefore use the priors/posteriors
of the parameters of the linear model as a base to construct the priors/posteriors
of the parameters of the INSEM. So, we specify a prior for the parameters of the
linear model, for example, a diffuse or natural-conjugate prior (see Zellner, 1971), -
and we evaluate this prior in A = 0 to obtain the prior for the INSEM (see Kleiber-
gen, 1997; Kleibergen and Paap, 1997),

pinsem(o,ﬂ) ocpunsem(09A"Q')'A=0
an
30,M )|’

where insem stands for INSEM. We note that we can also perform the construc-
tion of the prior vice versa by constructing a prior on the structural form param-

le(ﬂlﬂ,YaZ)L\:o & punsem(n(o,/\)l Q9Y,Z) '/\=0 (3-7)

A=0

x plin(ﬂ(a”\)’ﬂ)lz\=0 (3.8)
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eters and checking whether the implied prior on the parameters of the embedding
linear model is plausible (see Kleibergen, 1997; Kleibergen and Zivot, 1998).

3.2.1. Diffuse prior.  Using the framework resulting from (3.8), a diffuse (Jef-
freys’) prior for the parameters of the linear model, (7,115, ®, ),

Piin(m11, 115, ®,Q) o [Q[~W/DEEmHD o | =WV 0= @ 7' 7|12 (3.9)
implies the prior for the parameters of the INSEM, (8, 71,11;5,115,,Q),
Pinsem(B5 11,1112, 112, Q)
o |Q|~WADQ7 @ Z'Z|V2 [T (@,(Thy,, B, M) | a=o]
o | QWD ktmtD) | 71 7 |(VDm| B BY |~(/Dz=m+D)
X |y, (Z5 My, Z,) My, | 7172

1/2

,

( BQOT'B' ® ZyM;, Z, BO e, ® Z5 My, Z,11,, )
e QOB QIZiMyz Z, ei07'e; @ MyZi Mz Z,11,,

(3.10)

where e;:m X 1 is the first m-dimensional unity vector, B = (8 I,,-,),
|J(®,(I1y,, B, A))| = |dn/3(6,A)| and is constructed in Appendix A.

The prior (3.10) shows that 8 is analyzed conditional on the value of I1,, as it
should be according to the local nonidentification of 8 for lower-rank values of
I1,,. Furthermore, the prior shows the functional form of a diffuse prior for the
parameters of the INSEM. This accords with our conclusions from the previous
section that diffuseness for models like the INSEM has to be defined in a different
way than the usual one for parameters of linear models.

We note that the prior (3.10) is the Jeffreys’ prior of the unrestricted reduced form
of the INSEM (3.1) evaluated in A = 0. In Kleibergen and van Dijk (1994a),
the Jeffreys’ prior of the reduced form of the INSEM (2.2) is used to obtain
well-behaved posteriors (see also Chao and Phillips, 1998). This prior is apart from
| B, QB |~ W/2Umm+ D 1) | (Z5 My, Z,) ™ Ty, |1/ identical to (3.10). We use
(3.10) instead of that prior for three reasons. First, (3.10) results in a generic man-
ner from the linear model (3.2). Second, the concept for constructing (3.10) can
also be applied in the full system analysis whereas the Jeffreys’ priors of the re-
duced forms of full system SEM’s are intractable. Third, although we use data ma-
trices in (3.10) to obtain a more interpretable expression of the prior, it is not data
dependent as no data matrices appear in the Jacobian J (®,(I1,, 8,1)), and | Z'Z|
can just be left out. A Jeffreys’ prior on the reduced form (2.2) is data dependent
however. For more details, see Kleibergen and Zivot (1998).

The prior (3.10) is identical to the Jeffreys’ prior for the reduced form of the
orthonormal SEM (see Phillips, 1983; Chao and Phillips, 1996), where O = I,
and Z; My Z, = I, as B, B] = 1, I35, Iy, = It,—m+1- Using Rayleigh quotients
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it can also be shown that the ratio of the prior (3.10) and a Jeffreys’ prior on the
reduced form (2.2) is bounded between finite nonzero constants.

3.2.2. Natural conjugate prior. In case of a natural conjugate prior for the
parameters of the linear model, we specify an inverted-Wishart prior for () and a
matrix normal prior for (7,15, ®) given (,

Pn(0) % | GIO/2H Q|- 0/20+mD expl— (071 G)]
Pin(711, 1115, 8| Q) o | Q~(1/2m| 4| 1/Dk

x __1_ Q-1 I _p '
exp| —5 tr o @
I1
X A((”“ ‘2> - P))], @3.11)
NP1 D

where G:m X m, A:k X k, G and A are positive definite symmetric (pds) matri-
ces, P: k X m, and h is the prior degrees of freedom parameter. The matrix A can
be decomposed as

A= Ay Ap 3.12)

Ay Ayp)’ )
whereA;;: k) X ky, A1 =A% 1 ky X k1, Aps: ky X ky. The prior of the parameters of
the INSEM resulting from py;, (71, I1;,, ®, Q) can again be constructed using (3.8),
pinsem(ﬂ’ﬂllinlbnnaﬂ)

&« plin(7119nl2’<p(ﬂ,n22’ A)"Q'lz\=0|J((I)’(H22’B7/\))I/\=0|

o« |G|(1/2)h IQI—(I/Z)(h+k1+m+1) |A11|“/2)’” |Bl QBJ'_]“(I/Z)("Z_'”“)

X |y A2 1 Tp, | 712

( BQ7'B' @ Aj, BQ ey ® Ap Ty, )

1/2

e1Q7'B @ MypAy, e 'e; ® MMyAx, My
X 1tr QG+ mu I P ,
exp| —— -
P72 L8 Ty
7y I,
X A -P X 3.13)
(("223 HZZ) ) ))] (

where Ay, | = Ay, — A,y A7l A, and the specification of (3.13) is not unique in the
sense that certain scaling factors are used to obtain a more interpretable expression.

It may be that we have more knowledge about possible values of the param-
eters of the INSEM than about the parameters of the linear model. This knowl-
edge can be used in the construction of the prior of the parameters of the linear
model though, as these parameters are an exact function of the parameters of the
INSEM when the restriction A = 0 holds. We can also directly specify a prior on
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the parameters of the INSEM and check whether the implied prior on the param-
eters of the embedding linear model is plausible (see Kleibergen and Zivot, 1998).

The prior (3.13) does not belong to a known class of probability density func-
tions, and we do not know analytical expressions of its moments (which only
exist up to its first order (but not including it)) or normalizing constant. These
properties can be calculated using Monte Carlo simulation, and in Section 5 we
construct a simulation algorithm to obtain drawings from (3.13).

4. POSTERIORS OF THE INSEM PARAMETERS

The framework for constructing the priors of the parameters of the INSEM can
directly be applied to construct the posteriors of the parameters of the INSEM,
This results because the likelihood of the INSEM is a continuous function of the
parameters such that the posterior, which is proportional to the product of the
prior and the likelihood, can be evaluated in the same way as the prior,

Pinsem (B, 711,112,115, 0¥, Z)
% Dinsem(Bs 11,112,122, Q) Lingem (Y | B, 711,112,115, 0, Z)
% Punsem (B3 A7 11,112, T, Q) | x=0 Lunsem (Y| B5 Ay 7711, 1112, T, 0, Z) | 10
% Plin (711,112, @ (B, A, 1122), Q) | x=0 |/ (@, (T2, B, A)) | r=o ]
X Lin(Y| 711,12, @ (8,4, 112), 2, Z) | 10 4.1)

In the following two subsections, we construct the posteriors for different spec-
ifications of the prior, i.e., a diffuse and natural conjugate prior.

4.1. Posterior INSEM Using Diffuse Prior

Using the diffuse prior (3.10), the joint posterior of the parameters of the INSEM
can directly be constructed from this prior and the likelihood using (4.1),

pinsem(ﬂvﬂll9n12vn22’0|Y’Z)

% Dinsem(By 11, 112,10, Q) L(Y| B, 7711, 112,115, Q,Z)
o« lnl—(l/Z)(T+k,+m+1) IZi Zl |(1/2)m IB.L QB_,LI—(1/2)(k2—m+1)

X |1 (Zy M7, Z,) ' Ty | 712
( BO™'B' ® Zy)M;, Z, BO™'e; ® ZyMy, Z, 11y, )
el Q7B @ nZiMy Z, €10 ey ® Ny Z My Z, 115,

« exp| -~ e[ Q-1 o -z z) " Mz
€Xp > b 01 1 2 M,8 M
X B - zp( ™ Mo 42
n NL)—(2Z, Z MyB Ty . 4.2)

1/2
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The posterior (4.2) does not belong to a known class of probability density
functions nor do any of the conditional posteriors, apart from the conditional
posterior of (7ry;,11;,) given (B,11,,0), which is matrix normal, belong to a
known class of probability density functions. So, we can only analytically in-
tegrate out (7,1,I1;,) to obtain the marginal posterior of (3,I1,,,Q),

pinsem(ﬁ’n22"Q|Y’Z) &« IQI—(1/2)(T+m+1) IBJ.QB.;.I_(I/Z)(k2~M+1)
( BO'B' ® ZyM;, Z, BO e, ® ZbMy, Z,11,, )
el Q'B' @ InZiM; Z, €10 ey @ M5 Z My, Z, 11y,

1/2

X My (Z5M7, Z,) Ty, |12

X exp[—3tr(Q7 ' ((y1 o) —Z,[n(B I,-1))
XMz ((y1 Y5)—Z,1In(B I,-1)))], 4.3)
which shows the functional form of the kernel of the density of a matrix normal
distributed random matrix with reduced rank (see Kleibergen, 1997). The poste-

rior (4.3) is proportional to the product of the marginal posterior of (®, () and the
Jacobian of the transformation evaluated in A = 0,

pinsem(ﬂ9n22,‘Qlez) &« plin(q)(ﬁ’ /\71-[22)’0' Y’Z)IA=O]J((I)’(H22’ B? /\))l).=0l .
| “.4)

In Section 5, we construct importance and Metropolis—Hastings samplers for
calculating the marginal posteriors of (4.3) that use (4.4).

4.2. Posterior INSEM Using Natural Conjugate Prior

Identically to the posterior of the parameters of the INSEM using a diffuse prior
(4.2), we can construct the posterior of the parameters of the INSEM when we use
the natural conjugate prior (3.13),
pinsem(B”’TII,HIZ’HZZ’QIY7Z)
« | Q] WATHtm D (A 4 7'Z),,|V/Dm | B, QB |~/ ka=m+1)
BO'B'"® (A+2Z'Z)y, BQ e, ® (A +2Z'Z)yy, 1,
QT 'B @Myn(A+Z'Z); €10 'e; @ (A +Z'Z)y 11,
X |y, (A + Z'Z) 351 Ty, | 712

<exp| —2ula(a+ ([T ™) )
P T M,8 Ty
11 II;; ~
cwernl(7 )N

wherelI=(A+2'Z)"W(Z’Y+A'P),G=G+Y'Y-TI'"(A+Z'Z)[1,Y=(y; V,).
Again similar to the posterior using a diffuse prior (4.2), only the conditional

1/2
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posterior of (7,;,11;,) given (B,11,,,{)) belongs to a known class of probability
density functions, and (,II;,) are the only parameters that can be integrated
out analytically to obtain the marginal posterior of (3,I1,,,(),

Pinser(B5 1152, Q|Y,Z) o< | Q|- W/2T+m+1)| g QR |~ (/2 ke=m+1)
BOT'B' ® (A+Z'Z)n, BO e, ® (A+Z'Z)y, 1,
(e{ Q7 'B QUn(A+Z'Z)y,; €0 'e; @A+ z'z)mnz)

X [Ty (A + Z'Z)5) Ty, |12
X exp[—3tr(Q~ N (G + (Ip(B I,_,)—11,)
X (A+Z' 21 (Mn(B Ipn-1) — )], (4.6)

where T = (11} 1), T, k; X m, T, : ky X m.
Again (4.4) applies to this posterior, and we use it in the following section to
construct a posterior simulator.

1/2

5. SIMULATING POSTERIORS

As mentioned before the posteriors (4.3) and (4.6) do not belong to a standard
class of probability density functions nor do their conditional posteriors. We can
therefore not perform Gibbs sampling as the conditional posteriors are nonstan-
dard. The simulation algorithms constructed in this section therefore generate
drawings from a probability density function that approximates the true posterior.
To correct for not drawing from the true posterior, weights are attached to each
drawing of the parameters proportional to the ratio of the posterior and the ap-
proximating density in the generated parameter points. These weights can be
used in both importance sampling algorithms (see Kloek and van Dijk, 1978;
Geweke, 1989) and Metropolis—Hastings algorithms (see Metropolis, Rosen-
bluth, Rosenbluth, Teller, and Teller, 1953; Hastings, 1970) to draw from the
posterior. We first discuss the construction of the weights and the approximating
density, and hereafter we briefly discuss the two different simulation algorithms.

We use the posterior of the unrestricted SEM, p,cem( B8, A, 11, QY, Z), as ap-
proximating density of the posterior of the INSEM, p;,c...(8,115;,Q|Y,Z). The
posterior of the unrestricted SEM contains the parameter A, however, which is not
present in the posterior of the INSEM. To obtain a density that both accords with
the posterior of the INSEM and contains A, we assume that A is generated given
(B8,11,,,Q) from a proper conditional density g(A|B,11,,,), which we specify
ourselves (see Chen, 1994; Verdinelli and Wasserman, 1995; Kleibergen, 1997;
Kleibergen and Paap, 1997). Furthermore, we assume that B, I1,,, and Q are
generated from p,,.,.( 8,55, Q|Y, Z). So, as density function to be approximated
by punsem(B’)"HllanY’ Z) we have

g(AIﬂaHZZ,Q)pinsem(B’Hﬁ»Q‘ Y’Z)
o g(A|ﬁ9HZZ’Q)(Punsem(B’/\9H229Q|Y’Z)|A=0)- (5-1)
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The weight function thus becomes

g(/\ Iﬁa HZZ’ ‘Q') (punsem(ﬁ9 A: HZZ’ QI Y, Z) |A=0)
punsem(BvAv 11221‘“" Y9Z)

The quality of the approximating density p,sem( 8, A, 152, Q|Y, Z) crucially de-
pends on the chosen specification of g(A|B,115,,). In case we use the diffuse prior
for the parameters of the INSEM (3.10), a natural choice of g(A|B,I1,,,Q) is

g(/\lﬂ’ H229Q)
= (2m)~ WAkt D| B, 071 B [V Cmm DL, 7) My, Z, T, |2

X exp[—1tr(BL Q'Bi(A — YTy, Zi My Zo 1L, (A= A))],  (5.3)

W(B’/\’HZZNQ') = (5.2)

where
A= (My2, Z3 M, Zznzu)y—1 Iy, Z3M, (Y — Z,11,, B)Q ™' B{(B, Q—‘IB‘.;.)—Iy
whereas
g(AB,115,Q)
= (2m)"W/2ammtD| B 1B} |/ D |Th, ) (A + Z' Z)gp4 Ty |V
X exp[—3tr(BL Q™' BL(A = V)Tl (A + Z'Z) 524 T (A = D)), (5.4)

where A= (ITyy (A +Z'Z)5,1 Ty, ) Ty (AP +Z'Y ), ~ (A+Z'Z) 5, 11, B) X
Q 'B{(B,Q"'B))"\, AP + Z'Y = ((AP + Z'Y); (AP + Z'Y)}), (AP +
Z'Y) ki Xm, (AP + Z'Y),: ky X m, is a natural choice of g(A| 8,11,,,() when we
use the natural conjugate prior (3.11).

The weight function resulting from these choices of g reads in both cases

|J(®,(B,A,105,)) =0l
IJ(CI),(B,A,sz))l

where g(A|B,I1,,,Q) should be chosen from (5.3) and (5.4) according to
the involved prior. In Appendix A, we show that |J(®,(B,A,1I1))| =
|J(®,(B,A,115,))|a=0| such that the ratio of the Jacobians in (5.5) is always
finite. Furthermore as g(A|B,11,,,Q)| is a proper conditional density, it is also
finite, and the weight function is consequently always finite.

When A = 0, the ratio of Jacobians in (5.5) is equal to one, and the weight
function then simplifies to the proposed conditional density of A evaluated in
A = 0. The weight function is therefore always finite and nonzero when A = 0. All
drawings of (3, A,I1,,) for which A = 0 thus get a finite nonzero weight. This has
consequences for the existence of moments of the posterior p;,.., (8,12, 2| ¥, Z)
because it implies that the degree of finite moments is determined by the trans-
formation of @ to (8, A, I1,,). According to (3.5), B = V37 !v];. As no restrictions
are imposed on the rank of V,;, this implies that the posterior of 8 has Cauchy-
type tails and no finite mean and variance (see Kleibergen and Zivot, 1998). Note

W(B’A’HZZ"Q') = g(/\IB’HZZ’Q)lA-——O’ (5'5)
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also that the sampling distributions of limited information maximum likelihood
estimators have Cauchy-type tails (see Anderson, 1982; Phillips, 1983).

We summarize the different steps involved in obtaining the weight function,
attached to the ith drawing, i = 1,..., N, in a simulation algorithm as follows (see
also Kleibergen, 1997; Kleibergen and Paap, 1997),

Draw Q' from p;;,,(Q|Y, Z).

Draw &' from p;;,,(®|QY,Z).

Perform a singular value decomposition of ®' = U'S'V".
Compute B, A, ITy, according to (3.4) and (3.5).

Compute w( 84 A, IT4,,") according to (5.5).

Draw ﬂfh HllZ from plin(”thlZId)(Bi’ A7H§2)7Q‘;Y52)IA=O'

The posteriors of the linear model parameters, ) and ®, used in the first step
are standard density functions, i.e., inverted-Wishart and matrix normal, respec-
tively, in case of diffuse or natural conjugate priors. The exact functional speci-
fication of these densities depends on the specification of the involved priors and
is straightforward to construct, i.e.,

Pin(QY,Z) o | Q| W/DTHEm+D) exp] —1r(Q 71 Q)] (5.6)

where [ =0, Q = Y'M,Y in the case of the diffuse prior, /= h and Q = G in the case
of the natural conjugate prior, and

Pin(®]Q,Y,2) « [Q|~1/k2 exp[~1er(Q 7 (@ — &Y W(® — D)], 5.7

wherg & = (ZyMy, Zz)“IZQMZ‘ Y,W= ZQMZ‘ Z, in the case of the diffuse prior
and ® = II,, W = (A + Z'Z),,, in the case of the natural conjugate prior. In
Kleibergen and Zivot (1998) another simulation algorithm to generate drawings
from the posterior pj,em( 8,112, Q|Y,Z) is constructed that is sometimes more
efficient but is more difficult to generalize to the full information case.

The weight function can either be used in an importance or a Metropolis—
Hastings sampling algorithm to calculate the marginal posteriors or moments of
these. Using the importance sampling algorithm (see Kloek and van Dijk, 1978;
Geweke, 1989), we approximate the moment E( f(7,1,11,, 8,115,,Q)) by

N
. . 2 W(Bi’/\i’ éz’ﬂi)f(”i.l1HiIZaBi’H§2aQi)
E(f("rll,HIZ’B,Hn’Q)) = = N )
2 w(ﬁl’A”H'ZZ"Ql)

i=1

(5.8

where we use E to indicate that it is an estimator of the true expectation E. In
Geweke (1989), it is shown that under quite general conditions central limit theo-
rems can be used to prove the convergence of the approximation (5.8) to its true
value. As the weights are always finite, they satisfy the conditions for the central
limit theorems to apply, and statistics can be calculated that show the numerical
accuracy of the approximation (5.8).
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The weights (5.2) can also be used in a Metropolis—Hastings (M-H) algorithm
(see Metropolis et al., 1953; Hastings, 1970) known as the independence sampler
(see Tierney, 1994). This algorithm constructs a Markov chain from the drawn
(i1, iy, BLTLL,, Q1)’s. The (771, ITi,, B I15,,Q)’s in this Markov chain are ac-
cepted as drawings from the posterior. This is achieved using the following steps:

0. i=1.

1. Draw (7ri!,II%!, 7, TI55! Q‘“) using the simulation scheme stated previ-
ously. Given that (7{,,TI},, 8% TI5,,Q) is accepted as drawing from the posterior,
(wit, Y, B LTSS, Q1) is accepted as the (i + 1)th drawing from the pos-
teriorwithprobabilitymin((w(ﬁi A, '22,()"))/(w(,8i+1 ATLTESL Q1)) 1); other-
wise (wif!, 5!, B IIGE, Q1) = (), Ty, B, Ty, Q).

2. i=i+1.Gotol

When the resulting Markov chain, (7r};,IIi,, 8,1I5,,Q%), i = 1,... has con-
verged to its equilibrium distribution, say after H drawings, we can record
(i, Ty, B M5y, Q7), i = H + 1,... as simulated values of the parameters from
the posterior.

The simulation algorithms can also be used to calculate other properties of the
posterior, like Bayes factors and Bayesian Lagrange multiplier statistics (see
Kleibergen and Paap, 1997), and to obtain drawings from the natural conjugate
prior (3.13). In that case, the natural choice of the involved g(A| 8,115, Q) reads

g(A| 8,1y, Q) = 27)~W/Dke=m+)| B =1 |/ De=m+D |1, | Ay Thyy, V2
X exp[—1tr(B O 'BL(A — A) Tlhyy Ay 1 Ty (A — A))],
(5.9)

where A = (I, Ap 1 Ty, ) 1Ty, Ay 4 (P, — T, BYQ !B (B, Q!B "L P =
(P{ P3),Pi:k; X m, Py:ky X m, and p;,,(Q|Y,Z), pj,(®|Q,Y,Z) both result
from (3.11). This also shows the conjugateness of this prior as it equals the pos-
terior using a diffuse prior of some arbitrary set of observations that does not hold
for the extended natural conjugate priors, which are also specified for SEM’s,
used by Dréze and Morales (1976) and Dréze and Richard (1983). We note that
the simulation algorithms do not calculate y; as y = 7r;; + I, ,6 we can easily
incorporate vy into these algorithms.

6. FULL SYSTEM ANALYSIS

The INSEM is a reduced rank restriction on a parameter matrix of a linear model.
A full system analysis of a SEM can also be specified as a linear model with
nonlinear restrictions on its parameters. Again these restrictions are reduced rank
restrictions, but the difference with the INSEM is that they can depend on one
another in a recursive way. Theorem 1 states that the reduced form of a SEM is a
linear model with reduced rank restrictions on its parameter matrices.
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THEOREM 6.1. Assume that a SEM has the following specification:

Tpm O
mim Brsz

(Yrﬁ Ym)<B B >=(Zr71 Zr?tm Zm) Fmﬁ F'W +(8fri sm)’ (6-1)
min mm 0 me

where the number of variables contained in Y,, is chosen such that T, . i,, X j,,
(ip=j) and T, : 1, X j,, are unrestricted, the parameter matrices, Uz Lz X ja,
Lot bn X Jims BamtJm X Jms Bam®Jm X Jms BmintJm X Jm> BmmtJm X jm contain
(some) parameters that are restricted to zero except for By, which has all di-
agonal elements equal to one and some off-diagonal elements equal to zero, and
By, = I; ; then the reduced form of the SEM from equation (6.1) is equal to a set
of reduced rank restrictions on the standard linear model,

(Yrﬁ Ym) = (Zﬁ Zrﬁm Zm)q) + g’
where ®: (lz + 1, + i,,) X (jm + Jjm)-
Proof. See Appendix B.

Theorem 1 shows that we can use the framework for prior/posterior analysis
used in the previous sections, which results from Kleibergen (1997), in a Bayes-
ian full system analysis of a SEM. An important difference with the analysis from
the previous sections is, however, the dependence of the different reduced rank
restrictions on one another. For the INSEM, we can either analyze ® conditional
on (7r;4,I1;,) or vice versa. So, the conditionalization of these parameters on one
another does not matter. This does not hold for the full system analysis that we
can conclude from the proof of Theorem 1. It results in a strict ordering in which
the reduced rank restrictions have to be imposed, and hence the parameters have
to be analyzed conditional on one another. The reduced form of the SEM con-
structed in Appendix B already shows some important conditionalization rules
for the parameters of the SEM. For example, the structural form parameter B, is
analyzed conditional on the structural form parameter 8,,, which are both de-
fined in Appendix B. More of these conditionalization rules will appear when the
reduced form is constructed further.

The conditionalization rules also imply rank and order conditions that can
differ from the INSEM-based conditions used in general. This is part of the point
made in Maddala (1976). Regarding the conditionalization rules, the reduced
form, constructed in Appendix B, shows that B8, is identified when I1;; has full
rank (or when that part of Il that is multiplied by the nonzero parts of 8, has
full rank), where the elements of IT are defined in Appendix B. When the INSEM-
based conditions are used, it is assumed that no restrictions are imposed on I1.
If restrictions are imposed, however, the resulting rank and order conditions can
become different. In the following, an example of this will be discussed. It can
also be seen in B,,;, which is identified jointly by ILz,,, 17z Bim, and IL,,,, and
its rank and order conditions therefore depend on the specification of the SEM.
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As mentioned before, the framework for prior and posterior analysis used in
the previous sections can also be used to construct the priors and posteriors of the
parameters in a full system analysis of a SEM. When we apply this framework we
have to give an exact specification of the reduced form and its (hyper) parameters
reflecting the restrictions that obey the three conditions, that (i) when these (hy-
per) parameters are nonzero, the model is observationally equivalent with a stan-
dard linear model and when these (hyper) parameters are zero, (ii) both the reduced
form of the SEM results and (iii) these (hyper) parameters are locally uncorre-
lated with specific other parameters such that the resulting posterior is invariant
with respect to the ordering of those variables for which the likelihood is also
invariant (for an exact specification of the conditions the restrictions have to
satisfy, see Kleibergen, 1997). This enables us to construct the prior/posterior of
the parameters of the SEM as proportional to the prior/posterior of the param-
eters of the linear model under the restriction that the (hyper) parameters reflect-
ing the restrictions are zero, which is identical to the construction of priors/
posteriors of the parameters of the INSEM. Because there are still some differences
compared to the analysis of the INSEM, because the reduced form has a more
complicated structure and the number of additional parameters we have to sim-
ulate in the posterior simulator increases (see (5.1)), we give two detailed exam-
ples, two and three (sets of ) equation(s) models, to indicate all these differences.
These examples jointly with Theorem 1 show how a Bayesian full system anal-
ysis of any kind of SEM is conducted.

6.1. Two (Sets of ) Equations

We specify the structural form of the two (sets of ) equation(s) model by

Y\, = LB+ 21Ty + 2,15 + &y, 62)
Y, =Y\Br+ZTx + Z3T5 + &,

where Y,: T X my, ¥,: T X m, contain the endogenous variables; Z,: T X k;,
Z,:T X ky, Z3: T X kj contain (weakly) exogenous and lagged dependent vari-
ables; k, = my, ks = my, m=my + my, (81 &) ~n(0,2 @ Ir), By:my X my,
Baimy X my, Ty ky Xmy, Ty k) X my, Tyt ky X my, 350 k3 X m,. The reduced
form of (6.2), which can be constructed using the proof of Theorem 1, reads

Y, = 211y + 2,10y, + Z53113, B, + €4,
Y, = Z,lp + Z,115 B, + Z5113, + &5,

where ITy; = (71 + T2 81) U, — B2B1) ™ Ty = Ty, — B2B1) , Myp = (T +
T182) (I, — B1B2) ', Mzy = T3y, — B1B2) 1, €1 = (&1 + £28) U, — B2B1) 7,
£E,= (et &8I, — B1B2) !, (€1 &) ~n(0,Q ® Ir), = = B'QB, and -

B = Iml _)B2
B —Bl Imz '

(6.3
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Similar to the reduced form of the INSEM (2.2) and as indicated in the proof of
Theorem 1, we add parameters to the reduced form to obtain a model, which we
call unrestricted SEM (UNSEM), that is observationally equivalent with a linear
model. When these added parameters are zero, both the reduced form (6.3) results
and the added parameters are locally uncorrelated with specific other parameters,

" %) =211, I,)+ Z2H21(Im1 ﬁz) + Z3H32(ﬁ1 Im2)
+ Z,10, AZ(Iml 32)¢ + Z3H32u\1(,31 Imz)_L + (& &), (6.4)

where A,: (ky — my) X my, A3: (ks — m,) X m; and the orthogonal complements
1y, Mpy, (I, B2)1, and (B; 1), are defined similarly to the ones used in
(3.1) (see Appendix C). It is clear that when A, = 0, A5 = 0, the reduced form (6.3)
results and that A, and A5 are locally uncorrelated, when they are equal to zero,
with (I1;, B,) and (135, B,), respectively. When A, # 0, A5 # 0, again similar to
(3.1), (6.4) is observationally equivalent with the linear model,

@,

YW B)=(Z, Z, Z)| 2|+ (& &) (6.5)
@,

where @, = (I1;; I15), ®,: ky X m, ®3: k3 X m. Using a SVD, the equality of (6.4)
and (6.5) can be shown. SVD’s are also used to obtain (3;, A,,I1,;) from ®, and
(B1,A3,113,) from ®; (see Appendix C). The resulting relationships are similar to
(3.3)-(3.5) and straightforward to derive given (3.3)—(3.5). The SEM (6.2) is
consequently a linear model with nonlinear restrictions on its parameters, A, = 0,
Az = 0. The framework for prior/posterior analysis of the INSEM used in Sec-
tions 3 and 4 can, therefore, directly be extended to the two equation SEM (6.2).
So, we specify a prior for the parameters of the linear model (®,,®,,®;,Q), for
example, a diffuse or natural conjugate prior, and this implies a prior for the
parameters of the SEM (6.3) as this SEM equals the linear model evaluated in
A, =0, A; = 0. (Note that we use the reduced form (6.3) but this model is obser-
vationally equivalent with the SEM (6.2).)

Psem(I111, 1112, B1, B2, 11,1132, 2)
% Dunsem(T11, 1112, B15 B2y A2y A5 1, T30, 2)[4,=0,4,=0
% Piin (@1, D2(B2,42,1151), @3(B1, A3, 1132), @) s,0,4,=0
X [J(®2,(B2, A2, 1)) =0 [T (®3,(B1,A3,1132)) | r,=0l s (6.6)

where sem stands for SEM, unsem for UNSEM, and lin for linear model and the
Jacobians J(®,,(B,,A2,1151)), J(®3,(B1,A3,113,)) are straightforward to derive
given the derivation of the Jacobian of the transformation in the case of the INSEM
and are stated in Appendix C. Using (6.6) and the expressions of diffuse and
natural conjugate priors for the linear model, (3.9) and (3.11), we can again con-
struct the functional expressions of diffuse and natural conjugate priors for SEM’s
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like (6.3). For reasons of compactness and similarity with Section 3 we do not
give the exact functional expressions.

For the posterior exactly the same reasoning as for the prior applies, i.e., the
posterior of the parameters of the SEM (6.3) is proportional to the posterior of the
parameters of the linear model under the imposed restriction. We can decompose
the posterior of the linear model into a product of marginal and conditional pos-
teriors that belong to a standard class of density functions, i.e., normal or inverted-
Wishart (see, e.g., Zellner, 1971). This property can directly be used to decompose
the posterior of the SEM,

Psem(T11, 1, By, B2, 111, 1155, Q| Y, Z)

% Dunsem(T11, 112, B1s Bas A2y A3, Ty, T, Q| Y, Z) |y ,=0,4,=0

% Piin( @1, ®2(B2,A2,1151), @3(B1,A3,1132), @Y, Z) | 5,=0,1,=0
X |J(@,(B2, A2, 1)) r,=0l [T (®3,(B1, A3, 1T32)) [, =0

% Piin (D1 @2(B2, A2, 1), @3(B1, A3,1132), Q,Y, Z) | 5,=0, 1,0
X Piin(@2(B2, A2, 1151) | @3(B1, A3, 1132), 0, Y, Z) | ,=0,2,=0
X [J(@2,( B2, A2, 1151))r,=0 »
X Piin(@3(B1,A3,113,) [ Q, Y, Z) [ 1,0 | (@3,(B1, A3, 1132)) |, =0
X pin(QY,2). (6.7)

Note that we can also use other orderings in this decomposition. To simulate
parameters from the posterior of the SEM (6.3), we use the decomposition of the
posterior of the SEM (6.7). This allows us to perform the simulation in two dif-
ferent steps. Furthermore, we add, in each of the two different steps, parameters
to the model that we, similar to Section 5, assume to be generated from some
conditional density g, which we specify ourselves. In the case of diffuse priors,
the following choices of these functions are natural:

81(A3|B1,113,Q)
= (2m) W25 B, Q7B VDB, Z5 Mz, 7,) Z5 Ty, |2
X exp[—3tr(Bi Q7 B (A3 — ;‘3)l1—[,32J.ZéM(Z, 2,233, (A3 — A,
(6.8)
82(A2| B2, 11, ®3,02)
= 2m)"/DL|B, Q7B |Vl ZA My, Z, 10y, |/

X exp[—3tr(Bo, Q7 'B5, (A, — A,)’ M3,, Z5 My, Z313, (A5 — A))],
(6.9)
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where I =k, —my, I3 = k3 — my, B; = (B; I,,,), B, = (I,,, B>),
Ay = (I, Z4 Mz, 2,)Z3113,) ' T3y, Z5M 2, 2,

X (Y = Z31I5, B,) Q' B, (B Q7 'By,) 7,
Ay = (Mo Zh My, Z, 10y, )" Ty, Zh My,

X (Y = Z3®3 — Z,Tly; By) QB (By, OB, ).

The weight functions of the two different steps of the simulation algorithm, in-
volving both (6.8) and (6.9), then become

|J(®3,(B1,23,113,))] 1,0l
l"(q)lh(Bl’A&HSZ))l

wi(B1,A3,113,,Q0) = 81(A3] 81,1032, Q)a,=0,

(6.10)
[J(®2,(B2,A2,1151)) 5,0l
|J(@2,(B2,A2,115)|

W2(B2,A2,115,,Q | ®3) = 82(A2| B2, 1051, @3,Q)|2,0-

(6.11)

Again these weight functions are always finite. The different steps involved in
obtaining the weight attached to a certain drawing i,i =1,.. ., N, of the parameters
of the SEM can then be summarized as follows:

1. Draw Q' from p;;,,(Q|Y,Z).
Draw ®; from p;,(®3|Q}Y,Z).
. Compute B, A5, IT4, from ®% using a SVD.
. Compute w; (B8}, 5,I15,,0Q7) according to (6.10).
Draw q)tZ fl'OlTl _plin(.(DZIqJS(ﬁi. ’AE}’ H132)7 Ql’ Y7Z) lA3=0‘
. Compute B3, A5, IT5; from ®5 using a SVD.
. ComPUte WZ(ﬂéy ‘271—1’21901 l¢3(ﬂi’A37H§2))|A3=O according to (6'1 1)'
. Compute total weight ith drawing:

NoUMA LN

W(B{axihngmﬂi"Ai%HEI,‘Qi) =w X Wy
8. Draw @} from py;, (D] D(B5,A2,115,), 83(Bi, A3,1152), 0,Y, Z) |1, =0,2,=0-

The posteriors from which we simulate are all standard, in the case of diffuse
or natural conjugate priors, and are similar to the ones used in the algorithm in
Section 5. The values of other structural form parameters can be directly calcu-
lated using the equations used in (6.3) and the drawings from the preceding al-
gorithm. The resulting total weights, w, can be used in an importance or a M-H
sampler as discussed in Section 5 to obtain a posterior simulator of the posterior
of the parameters of the SEM (6.3).

6.2. Three (Sets of ) Equations

As an example of a three (sets of ) equation (s) model, we use the following model.
(Note that contrary to the two equation model, the specification of a three equa-
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tion model is not unique because the model is not invariant with respect to the
ordering of the variables.)

Yi=Y,B+ZT}; + 8,
“L=YsB3+Z T+ 2,15 + &, (6.12)
; = Y113+ Yoy + Zy103 + Z3153 + &5,

where Y,: T X m,, Y,: T X m,, and Y;: T X m5 contain the endogenous variables
andZ,: TXky,Z,: T X ky,and Z5: T X k3 contain lagged endogenous and weakly
€xogenous variables, ﬁgl tmy X my, ﬁgzi ms3 X my, 313 tmqy X ms, B23 tmy X ms,
F11:k1 Xmy, F12:k1 Xm,, l"22:k2><m2, F23: k2XM3, I‘33:k3 Xmy,m=m;+my+
ms. Here (&, &, £3) ~n(0,3 @ Ir). Because the SEM (6.12) has to be properly
identified, the following (INSEM) order conditions need to be fulfilled: k; + k3 =
my, k3 = ms, ky = m; + m,. Using the proof of Theorem 1, the reduced form of
the model in equation (6.12) is constructed and reads

I,
Y, =Z11; +(Z, Z,I) B + &1,
’ B3
Y, = Z1lyy + Z,11p, + Z;31133 B35, + &5, (6.13)

B

+ Z,10y3 + Z31033 + €3,
Bas

Y, = Z,(II, 1'112)(

where

=Ba1 Im,— B3B3
33 = M33(L, — B2(B1B3 — Ba)),

L, —(Bas+ B2iBi3)
(T D) = (M Myp)| _ ,
332 Im3

I, ~B13Bx
(T Typ) =11, IOp) ’

(&1 & &)B,=(s1 & &),

3, = B'QB,

I, 1 0 - B 13
B=|-Bu In, —Bxn]|.
0 —B32 Im3

The reduced form (6.13) is again a system of reduced rank matrices like the
reduced forms of the one equation (2.2) and two equation (6.3) models. An im-
portant difference with these models is that its reduced rank matrices depend on
another, which is a.o. reflected in the identification of 8,;, which depends on one

of the other structural form parameters, B3,. This difference also leads to a change
in the order condition compared to the INSEM. According to the INSEM order
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condition, B,; is identified when k, + k3 = m,, i.e., the number of excluded
exogenous variables is at least equal to the number of included endogenous vari-
ables (see Hausman, 1983). The model (6.12) shows, however, that 8,, is iden-

IT
tified when I 2 has full rank. Although this matrix has k, + k3 rows, which
33 P32

accords with the standard order condition, its row rank can never exceed k, + m5

L, 0O I1,,
(=k, + k3) as it can be specified as and the last matrix in this
0 I/ \Bs

product has k, + ms rows. It is therefore important that the identification of the
different parameters of a SEM in a full system analysis is conducted using the
restricted reduced form parameter matrix instead of the unrestricted one as this
can lead to different rank and order conditions (see also Maddala, 1976). This
different order condition results from the dependence on one another of the re-
duced rank structures imposed by the SEM (6.13) (see also proof of Theorem 1).
The reduced rank structures appearing in the two equation model do not depend
on one another, as can be concluded from (6.4), and therefore the INSEM order
conditions still apply there.

As aconsequence of the sequential dependence between the reduced rank struc-
tures, not only do the order conditions of the INSEM and the SEM (6.12) differ,
as indicated previously, but also the parameters that we add to the model (6.13),
to make it observationally equivalent to a linear model, are different from the
ones we used before (see also the proof of Theorem 1). In the cases of the INSEM
(3.1) and the two equation SEM (6.4), the parameters added to the reduced form,
to make it observationally equivalent to a linear model, do not depend on one
another in a sequential way. The parameters added to (6.13) do, however, depend
on each other sequentially. To show this, consider the linear model

o,

n Y, KB)=(Z 2z Z3)\¢2 +(& & &) (6.14)
D,

The reduced form model (6.13) can be obtained by using what we call an un-
restricted SEM specification of the parameters of (6.14),

o S L, 0 B3 (O o)A L, 0 P
1= (I ) 0 I, B (M Myp) Ay 0 I, Bn)

(6.15)

®, —e Bau In, O NP B In, O 6.16

®) \0 0 I, 2 o0 0 L,))] 6.16)
II II

® = ( 22 23), (6.17)
0,

0, = I53(Bs; I,,) + sy A3(Bx2 Iy (6.18)
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where the orthogonal complements are defined similarly to the ones used in (3.1)
(see also Appendix D), Ay: (k; — my — my) X ms, Ay: (ky + k3 — my — m3) X my,
Az: (k3 — m3) X m,. To analyze the implications of the different orthogonality
conditions in (6.15)—(6.18), we substitute the expression of @ in (&5 ®3),

@\ I, 53 B In, O
@) \I(Bsz In) T A3(B2 I,) J\ O 0 1,

N Iy, Iy A Bar In, O
Ms3(Bs In,) + a3 A3(B3z Inm,)L )| *No o L, ),

(6.19)

It is clear from (6.15)—(6.18) that when A; = 0, A, = 0, A; = 0, the model
(6.13) results. Furthermore, when A; = 0, A, = 0, A; = 0, A, is locally uncor-
related with (I1yy,11;5, B13, B23), A3 with (IIs3,B3;), and A, with B;; and
all parameters contained in 0, i.e., Iy, II3, II33, Az, B3;. SVD’s are needed
to obtain (ILy;,I0;5,A1,B813,B23) from @, (©,A;,8;;) from (®,,®;), and
(M yy,IL,3,I033, A3, B3,) from © and to show the observational equivalence be-
tween the model imposed by (6.15)—(6.18) and (6.14) when A, # 0, A, # 0,
Az # 0. These SVD’s are stated in Appendix D. The sequential dependence
between the structural form parameters now reflects itself in SVD’s that have
to be applied recursively, a.o. of ®, which already results from a SVD as it is

the reduced form of an INSEM,
Vi =0Bn+ZA,+u,

- o~ ~ (6.20)
Y, =28yt 2509 t 0y,

where Y, ¥,, Z,, and Z, are data matrices, Ay; = I3, Agy = Ils3, Agy = Iy, —
A1 B3,. Therefore O is similar to the (Il IT,,z) parameter matrix used in the
proof of Theorem 1.

So, the SEM (6.13) is again a linear model with restrictions on its parameters.
We can, therefore, again apply the framework for prior/posterior analysis used in
the previous sections, i.e., we specify the prior/posterior of the parameters of
(6.13) as proportional to the prior/posterior of the parameters of the linear model
under the condition that the restrictions hold,

Psem(B215 B32s B13s B2z i1, 1, Ty, M3, 33, Q)
% Punsem(Bats B32s B13» Bazs A1, Az, Az, Iy, Mo, Tlpp, T3, Taz, Q)| (4, 45,05) =0
% Piin(@1(B13, Bazs A1, 1111, M),
(®2,93)(Ba1, A2, 0 (I, ITp3, 153, A3, B32), D) (4,45, 45 =0
X |J(@1,(B13, Bazs A1, 11, M12)) |4, =0l
X |J(0,(Tl,;, 23,1133, A3, B32)) | a,=ol
X | T (@2, 93),(Ba1, A2, O(x, I3, 133, A3, B32) [a,=0)) =0,  (6.21)
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where J(®@1,(B13, 823, A1, 1111, 1112)), J(0,(Ix, 13,1153, A3, B3z)), J (D2, D3),
(B21,A2,0)) are the Jacobians of the transformation from ®; to (B3, 823,A1,
I, 1I15), (®2,®3) to (B,1,A2,0) and O to (I, I1,3,1133, A3, Bs,). These Jaco-
bians are stated in Appendix D. When we specify a diffuse (3.9) or natural
conjugate prior (3.11) for the parameters of the linear model, (6.21) shows the
implied prior for the parameters of the SEM. We do not give the exact func-
tional expressions as they can be constructed along the lines of Section 3.

Also for the posterior, we use the framework from Kleibergen (1997). Further-
more, we use the decomposition of the posterior of the linear model into a product
of conditional and marginal densities,

Psem(Ba1, Bazs P13, Baas iy, Mg, Ty, T3, I3, Q] Y, Z)
% Dunsem(B215 B32s B13s B23s A1, Az, Az, Iy,
115,155, T3, 33, | ¥, Z) | (a, ,.25)=0
% Plin(P1(B13, Ba3s A1, 1111, 112),
(@2, ®3)(B21, A2, O(Typ, IMp3, 33, A3, B32), 2 Y, Z) | (a4, 45)=0
X |J(®1,(B13, B2z, A1, Iy, IM12)) 4, =0l
X [J(8,(ITy;, 13, 133, A3, B32)) 4=
X |J (@2, ®3),(B215 A2, (Mg, I3, T3z, A3, B32) |4,=0)) a,=a 5
°‘Plin(¢1(313»323,)%,“11,“12”(‘1)2,‘1’3)(321,/\2’®),Q'Y,Z)|(,\,,A2,A3)=o
X [ J(®@1,(B13, B2z» A1, 11, T112)) 4 =0
X piin((®2,P3)(Ba1, A2, 0(Il, 153, 153, A3, B32) | A, Y, Z) | (1,2 =0
X |J((@2,®3),(Ba1; A2, O(I1p2, 153,133, A3, B32) [4,=0)) |r,=0]

X |J(0,(I0,, 1003, 1133, A3, B32)) a0 | Pin (Q1 Y, Z). (6.22)

We note that for this model only a few decompositions of the posterior into con-
ditional and marginal posteriors are allowed for, i.e., ($,,®3) given ®, and vice
versa, because of the reduced rank structure imposed by the SEM. We cannot for
example analyze ®, given ®; or vice versa. We use the decomposition of the
posterior (6.22) to construct a posterior simulator. Again, similar to previous
sections, to simulate from the posterior of (6.13) we add parameters to the model,
i.e., A1,A5, A3, which we assume to be drawn from a specific conditional density,
which we specify ourselves (see (5.1)). In the case of a diffuse prior for the linear
model (3.9), natural choices for these conditional densities are
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81(A1]B13s B2, M1, Iy, B,, 3, 0)
= Q)" W2k |B,, Q7B |V (TTy, )i ZiZy (T, THpp) |/
X exp[—3tr(By Q7 'Bi (A — Ay
X (M Mp)iZiZy( ) (A — A)), (6.23)
82(A21B21,0,0)
= (2m)~(/2L|B, O7'B} | VPR|@(Z, Z)Mz(Z, Z,)0,]|%Pm
X exp[—4tr(Byy Q7B (A, — 4,)'0)
X(Zy Z3YMz(Zy Z3)0.(A— )], (6.24)
83(A3|B32, B21,1153,Q)
= 2m)~W25|By B, Q7 By By, |V, Z5 Mz, 2, Z3) g3, |1/2m2
X exp[—itr(Bs; B,Q7'ByBS (A3 — A3) Tl
X Z5M(z, 2, Z3) 3, (A3 = A3))], (6.25)

Wherell=k1—~m1—m2,12=k2+k3—m2—m3,l3=k3—m3,

Bl3
Bl - (Im1+mz <323))9
B
BZ = (( (;1> Im2+m3>’

B; = (/332 Im3),
A= (0 OyR)LZiZ (I, Mp)) (T )24
X (Y= Z,@,— Z3®; — Zy(Ty;  T15)B)Q7'Bi (B Q7 'BiL) 7,
A= (0UZ, Z)Mg(Z, Z5)0))7'0L(Z, Zy)My,
X(Y=(Z, Z3)0B,)Q7'B; (B, Q7'B))7,
Ay = (M55, Z5M 2, 2,y Z5 H33¢)—1H'33¢Z§M(zlz2)
X (Y — Z31133 B3 B,) Q"' B} BY, (B3 B, 'By By, ) ™.

Because we simulate from a density that approximates the posterior of (6.13),
weight functions are involved in the different steps of the posterior simulator. As
we simulate three different parameters, i.e., A}, A,, A3, that are not present in the
original posterior we want to simulate from, three weight functions are involved,
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w1(B13, B3, A1, 1111, 1115, Q| By, B3)

- lJ(q)ly(ﬂlS:BZB?AI)HII’HIZ))|A1=0|
|J(®@1,(B13s B2z, A1, I3, 1110)) |

X 81(A11B135 Bazs i1, M5, B3, @3, 0) 5 =0 (6.26)
w2(B21,12,0,0)

_ | ((®2,®3),(B21,A2,0))5,=0,2,=0]
[J((®2,D3),(B21,A2,0))| 1,20l

w3(Bs2, Ba1, A3, 1133, 00)

_ |7(®2,(B32,A3,1133)) |20l
[7(0,,(B32,A3,1133))|

where J(®1,(B13, B23, A1, 1111, 1112)), J((®2,P3),(B21,A2,9)), and J(0,,(Bs,,
A3,1133)) are the Jacobians of the different parameter transformations and each of
the weight functions is always finite (see Appendix D).

The different steps involved in obtaining the weight attached to a certain draw-
ingi,i=1,..., N, of the parameters of the SEM (6.13) can then be summarized as
follows:

22(A2B21,0,Q)|x,-0,1,-0 (6.27)

83(A31 B2, B21, 1133 Q) 5,=05 (6.28)

1. Draw Q' from p;;,(Q]Y, Z).
Draw (q)lz’(bé) from Plin(®2’®3lﬂi7 Y, Z)
. Compute 83,,A5,0' from (®%,d%) using SVD.
. Compute Bi,, A5, I15; from @5 using SVD.
. Compu':e w3(B§27ﬁél H Agang:&’ﬂi)-
. Compute w, (8,15, 0:Q%).
Draw q)ll fromplin(q)l ‘¢£,¢g1ﬂiyY’Z)IA2=O,A3=O'
. Compute Bff&?ﬂé& Ail 7Hll 1s HIIZ from d)’l .
. Compute w;(Bi3, B33, Ay, ITi 1, 115, Q| 5, ®3)| 4, =0, 4,=0-
. Compute total weight ith drawing: w = w; X wy X ws.

VONAL R W

The total weights can be used in an importance or an M-H sampler, as indicated
in Section 5, to obtain a posterior simulator of the posterior of the parameters of
(6.13).

The means of the conditional posteriors of @, given (®,,®;) and (®,,P;)
given @, can also be used in an iterative scheme to obtain the full information
maximum likelihood estimator of (8,1, B2, B13> B2z, 111,112,150, 1153, T153) (see
Hausman, 1983). This is similar to the INSEM where evaluating the posterior
of @ at its posterior mean using a diffuse prior gives a similar analytical ex-
pression as the limited information maximum likelihood estimator of 8 and
IT,, when using the involved SVD. The iterative scheme for obtaining the full
information maximum likelihood estimator proceeds as follows:
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(0) Initialize @, = &;;
(i) Construct (B51, B32,1122,153,1153) from ($,, ®3) using SVD’s from steps 2 and 3
from the simulation scheme;
(li) Compute value of ((I)z, (1)3) lmplled by (ﬂz], B32,H22,H23,H33);
(iii) Construct (813, B23,11;1,11;,) from @, using SVD from step 7;
(iv) Compute value of ®; implied by (813, B23,I111,112);
(v) Unless (®;,®,,®;) have converged goto (i)

where (&5 @) = (Z, Z3)(Z, Z3)) (Zy Z5) (Y — Z,®), @, = (Z1Z))7' X
Z\(Y — (Z, Z;)(®) ®4). Using Theorem 1, iterative schemes similar to the
preceding one can be constructed to obtain the full information maximum like-
lihood estimators of the parameters of generally specified SEM’s. Jointly with
the examples of the two and three structural equations SEM’s, Theorem 1 shows
how Bayesian analyses of generally specified SEM’s are conducted.

7. CONCLUSIONS

The traditional Bayesian analyses of SEM’s using diffuse priors, as proposed by,
for example, Dréze (1976), Dréze and Morales (1976), and Dréze and Richard
(1983), suffer from local nonidentification problems that lead to an a posteriori
favor for certain parameter values that is not the result of information in the prior
or data. We therefore use a framework constructed in Kleibergen (1997) in which
the priors/posteriors of the parameters of the SEM are proportional to the priors/
posteriors of the parameters of a linear model under the condition that the restric-
tions, imposed by the SEM on the parameters of the linear model, hold. We applied
this framework to examples of one, two, and three structural equation SEM’s, for
which expressions of the priors and posteriors are derived jointly with posterior
simulators. Using a theorem that states that the reduced form of any kind of SEM
accords with a linear model with reduced rank restrictions of its parameters, the
analysis of the examples can be generalized to other specifications of SEM’s in a
straightforward way. This theorem also shows how full information maximum
likelihood estimators can be constructed.

Using results from Kleibergen and Paap (1997), we can also construct tools for
model comparison like Bayes factors, posterior odds ratios, and Bayesian La-
grange multiplier statistics. In future work we will construct and apply these
procedures to analyze the support for (multiple structural equations) SEM’s in
practice. It is also interesting to analyze the theoretical properties of the derived
posteriors, as for example in Chao and Phillips (1998), where functional expres-
sions are constructed for the marginal posterior of the structural form parameters
of the INSEM using a Jeffrey’s prior, to investigate the similarities/differences
between small sample distributions of classical statistical estimators and the mar-
ginal posteriors of the structural form parameters (see Kleibergen and Zivot, 1998).
Both limited information maximum likelihood (LIML) estimators (see Anderson
and Rubin, 1949) and the posteriors of the parameters of the INSEM are namely
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constructed using SVD’s (see Kleibergen and Zivot, 1998) that correspond with
canonical correlations in the case of the LIML estimator. So, it is interesting to
investigate to what extent these similarities hold further.
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APPENDIX A. JACOBIAN OF TRANSFORMATION
FROM LINEAR MODEL TO INSEM

For the derivation of the Jacobian of the transformation from the linear model param-
eters to the parameters of the INSEM, it is notationally convenient to conduct this trans-
formation in two steps: (i) from @ to (I15,,,6,,8,A) where 6, = I1,,,IT5,; and (ii) from
(321,65, B, A) to (I152,,11525, B,A). In the following we construct the Jacobians of the
two transformations.
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We can denote ® as

I, 0\/B
o of17 ()

= 6ll,,;B+6,AB,,

where 0 = (I,,, 63), 6, = ("02 Ikz—m+1),(1k2—m+l + 9291;)_1/2, B= (B I,-1), B, =
(1+ B'8)/2(1 — B'). The Jacobians of ® with respect to I1,,;, 6>, 8, and A then read

Ji= 53{}5% - B ®0),

e = (Bl @ 1) g + (BN @ 1) e,
= e = (1 ® Olly) o 2+ (1, © 0, %%Z—Z—E%)—)

J= g}:ﬁ%’;—) = (B.®6,),

where

dvec(0) 0

v = I ® )

a vec(6,) ) P—

dvec(f,) /2 I,

dvec(8,) (H ® 0 Key-m+1,m1

+(; —6; avec((H2)™) dvec(H"?) dvec(H)
o1 @ A dvec(H'2)  dvec(H)' dvec(8,)"”’

dvec((HV*)™1)

= —(Hg—-/2n —-1/2
dvec(H?) (H QH™),

dvec(H?)

F) VCC(H)’ = ((Ikz—m-f-l ® Hl/z) + (H(I/Z), ® Ik2-m+l ))—1’

dvec(H)

W =6, ® Ik2~m+1) + (Ikz—m+1 ® 02)Kk2—m+1,m—1,

dvec(B)

avec(B)Y (e1 @ Lu-1),
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avec(B¢) 0
avec(B)' - _(<Im_1) ®B" ‘/2) mobl

dvec(B~Y2) dvec(B'?) 9vec(B)

A=Y ®D avec(B2) avec(B) avec(B)’
e = ~(B " @57 = -5
e~ @B + B @) = 18
el = (6 ® K, T 1©8) =28

and H = Iy, 1 + 6,05, H?’H'? = H, B = (1 + B'B), B?B"? = B, e, is the first
m-dimensional unity vector, K ;: ij X ij are so-called commutation matrices such that for
any W:i X j, vec(W') = K; ;vec(W), vec(W) = K; ;vec(W’), K, ; = K] ; (see Magnus and
Neudecker, 1988). Note that when Q is symmetric, Q = PAP’, where P are orthogonal
eigenvectors and A is a diagonal matrix containing the eigenvalues, then @'/ = PA/2P' is
also symmetric.

The Jacobian of the transformation from ® to (I,,,65, 8, A) then reads

dvec(®)
d(vec(Ily, ) vec(6,) vec(B) vec(A)')

= b S Ja).

Because 6, = I1,,, IT54 , the Jacobians of the transformations from (I1,5;,8,, 8, A) to Iy,
15,5, B, and A read

Im—l ®I -
_d(vec(Tlyy, ) vec(8,)  vee(B) vec(A)) | ~TI{ ® H222H221
! dvec(Ilyy;) 0 ’
0
0
_ 3(vec(Ilyy, ) vec(8,)" vec(B) vec(A)') _ 55 @ Iy
2" dvec(Tlyy,)' B 0 ’
0
0
_ 3(vec(Ily)' vec(8,)' vec(B) vec(A)') 0
3T dvec(B) 1 ®1, )
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0

_ 3(vec(Ilyy ) vec(6,)' vec(B) vec(A)') 0

4 dvec(A) B 0
1 ® Ikz—m+1

The Jacobian of the transformation from ® to (Il5,, B, A) then becomes

3 vec(P) i
d(vec(Ily,)' vec(B) vec(A)')
3 vec(®P) }
d(vec(Ily,, ) vec(d,) vec(B) vec(A))

d(vec(Il,y,)" vec(8,)' vec(B) vec(A)') I
d(vec(Ily,) vec(B) vec(r)')

= L ) J4)“(Gl G, Gs G4)|-

|J(¢7(H221ﬂ’A))| =

So,

J(®,(Ty, B, az0= (B ® L, 6 ®T,, Bl @Ty,).

To prove that |(J(®7(H221,02,)" B))l = |('J(<I)7(H2217027A9ﬂ))|/\=0)|7 we use that

J(@,(T2, A, B)) = J(®@,(T1,60,,A, B))J (121,65, A, B), (112, A, B)).
As shown previously,

J((T221,62,A, B),(TT52, A, B)) x=0 = J (121,62, A, B), (1152, A, B)).

It also holds that

J(®,(ITx1,05,A, B)) = J(®,(Tl551,605,A, 8)) a=0 + W,

where

F) vec(02)’ (Im ® 0.1. A) ey

W= (0 BN @1,) ) el 0)

such that
(J(®,(ITy21,05,A, 8)) [a=0) W' = 0.
This implies that

U(‘b,(nnhoz,)\,ﬂ))! = IJ(¢7(H221’02,A,B))J(q)’(n22]502’)‘,13))’ Il/2

735

= |(J(®,(TTy21,605, A, B))|a=0) (J (®,(IIp21,605, A, B)) 1=0) + WW'[!/2

= |(J(@,(T521,02, 4, B)) | a=0) (J (D, (T2, 62,4, B)) a=o)’ |/
= [(J(D,(IMy21,65, 4, B)) | r=0)
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and consequently

IJ(CI)’(HZZ’A,B))' = |(J(¢.9(H22,/\9B))I)n=0)|~

APPENDIX B

Proof of Theorem 1. Assume that the reduced form of the SEM,
Y5Bin = Zalnm + ZamDnm + €5,
reads
Ve = Zallim + Zpm s + &5,

where Mz = Tim Bk, M = Tm B, and this reduced form is equivalent to a set of
nonlinear (reduced rank) restrictions on the parameters of a linear model and the (hyper)
parameters of this linear model, which are restricted to zero to obtain the reduced form, are
locally uncorrelated with specific other parameters.

The parameter matrix of the reduced form of the SEM from Theorem 1 reads

Pmrﬁ Fﬁ "
er’il Bmm
0 T..
Tom 0 —1 -1 -1 -1 -1 -1
-Ir I (Bm + B Bim Brum. i Bmim Bam _BmmBmmBmm.m)
I ~Bi 3B B Bihm
0 rmm mm mm m
Hm(’,ﬁ + Biim ﬁmﬁ) — I Biim
= Hmth(I],ﬁ + ﬁtﬁm er?t) - Hthmerﬁ Hrﬁm - Hmiiiﬁrﬁm )
—HmmerTl l—Imm

_ -1 —_ -1 = -1 L o= -1 o
where Hrﬁﬁ = rﬁiﬁ iy Hmr?l - Fmr’izBﬁern IImm - meBmmAir'n Hi‘ﬁm - I‘rﬁmBmm-ﬁn Bﬁﬁ-m =

Bim — BrTlmB;r}1Bmﬁ = Bim = BiamBumins Bum.m = Bmm — erTtB;Tz—r%;Br‘rim’ ﬁmr’ri = erTnB%r%n
Biim = Biim By .- This implies, as both T},,,, and Ty, are unrestricted, that no restrictions
are imposed on I1,,,,, and II,. The linear model of which the reduced form is a nonlinear
restriction reads

where ®: (I + 1, + i,,) X (jm + jm) and can be specified as
P Py

d=|D D],
D3 Dy
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where @y : 1z X j, o1 2 b X jim, 31 bn X s P122 L X joms P22 b X omy @23 iy X jim- TO
obtain the restrictions on the linear model parameters that result in the reduced form, we
specify @ as

D, Dy 8y 8,
Do P | =102 |(L, O+ On |(-Bus )
D3 Dy 0 L -
0
+ 0 ,

Wy A (= B Ijm L

j - 0
- (Hmm>(1jm —Bﬁm) + (Ijm) H»_tm(o I;m)

(nmm A (L] im "Brﬁm)J.)
+ 0 ,

N
@ @
Nz
o o
NN
N—
|

where 0y;: 15 X jam, @11 Ly, X jam, O12:lm X jimy Ol X ji. It is clear from the chosen
specification that when A, = 0, A7 = 0, the reduced form results and that A,,,,, is locally
uncorrelated (when it is zero) with the parameters contained in I1,,,,, and 8,7, and Az is
locally uncorrelated (when it is zero) with the parameters contained in IT;; and B,,. As
we can apply the same kind of decomposition on I1,,,,, and II,,;, which we assumed to be
possible, and because 115, and I1,,,, are unrestricted, such that there is no need to decom-
pose them further, we can recursively apply the preceding decomposition and thereby the
theorem is proved. |

APPENDIX C. SINGULAR VALUE
DECOMPOSITION AND JACOBIANS
TWO EQUATION MODEL

For the two equation model, reduced rank restrictions are imposed on the parameter ma-
trices @, and ®;. In the following we state the SVD’s and the Jacobians involved with
these two parameter matrices. We start with ®,.

M, 0\ /B,
o= ¢1) 0 A\ B,y

=yl By + ¥ A2B;,,
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where Iy, = (I, ;) Mapyimy X my, Hzlzi(flz/z" my) X my, Y = I,
U= (L, 3), 00 = (=2 Dym,) Ty, + $2003)""% By = (Ln, Ba), Bor = (I, +
B3 Bz)—l/ 2(—,Bé Imz). A SVD can be used to obtain these parameters from ®,,

©. = U Up\/S1 0\/Vii VoY
2\ UnJ\0 S )\Va V)’
where U'U = I,,; V'V = L,; Upp,81,Virimy X my; Sy (ky — my) X mg; Vagimy X ma;

Usy: (ky —my) Xmy; Uppimy X (ky — my); Upp: (ky — my) X (ky — my); Vap, Vi imy Xmy;
and S, contains the smallest m, singular values of ®,. This leads to the relations

I = UnSiVin, U= Uy U,
B2 = (V1 V11", Ay = (UzzUz’z)_l/zUzzSzvz'z(szvz'z)—l/z-

The Jacobians of &, with respect to Iy, ¥, B2, and A, read

_ dvec(®)
Jl - 8vec(ﬂ221)' - (B2 ® l)[/)v
_ d vec(d,) P dvec(¢) . dvec(y,)
b= 3 vec(p) (B51511 @ It,) dvec(dn) + (BN, @I, avec(yy)”
_ avec(<I>2) dvec(B,) dvec(B,,)
JS"" aVCC(BZ)' (1 ®'/’ 211)3VCC(ﬂ ); (I ®‘/’J.A2) 3VCC(B )n
_ dvec(®,)
4= avec(Ay) = (B5, @ ¢¥.),
where

dvec(y) 0
dvec(ys) (Iml@ (Ikz—ml)>,
aVeC(l[I_L) , Iml
aveC(t/!z)' (H e ( 0 >) Kiymi,m,
[ =3 \\ avec(H™V2) dvec(HY?) dvec(H)
o & Liy-m, ) ] 3vec(H'?) dvec(H) 3vec(y,)”’

=~ QH ),

dvec(H™1?)
dvec(HV?)

dvec(HV?)

aVeC(H)’ = ((Ikz_m‘ ® Hl/z) + (H(I/Z)’ ® Ikz—ml))_19

dvec(H)

3VCC(¢2)' = (lﬁz ® Ik2~ml)'+ (Ikz—ml ® ¢2)Kk2—m,,ml’
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dvec(B,) 0

avec(B,) ((1,,,2) ® I”")’

dvec(B,,) . B

s (Jor.
dvec(B~1?) dvec(B?) dvec(B)

TR 1) L) TU 0 BY avec(B) dvec(B)”

dvec(B~12)
W = —(B~0/2" ® B~1/2),

% = (U, ® B") + (B> @1,,))")

dvec(B'/?)
oveelBP ') _ ar i )
dvec(B,) (B2 ® In,) Kin,,m, + (I, @ B3)
and H = Iy, p, + Y2405, H'?H"? = H, B= (1,,, + B} B,), B/>B'> = B. The Jacobian of

the transformation from @, to (Ily;;,%2,/82,A,) then reads
dvec(®d,) U L 4 4

d(vec(Il,1)' vec(ih,)’ vec(B,) vec(A,)') b e

Because ¢, = II,;, 115}, the Jacobians of the transformations from (II,;;,4,, 82,A,) to

311, 312, B2, and A, read
Iml ® Iml

_ 9(vec(ITyy,)' vec(y,) vee(By)' vec(Az)') —TY @ T I,
' dvec(Ilyy) 0 ’

0
0
G, = d(vec(Ily;) vec(ih,) vec(B,) vec(Ay)') _ I @ ley—m, ,
dvec(Ily1,)' 0
0
G, = d(vec(Ilyy,) vec(yh,)' vec(B,)' vec(Ay)') _ 0 ,
dvec(B,) I, ® 1L,
0

_ d(vec(Il,) vec(yh,) vec(B,) vec(A,)') _

4 dvec(A,)
Im2 ® Ikz—ml
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The Jacobian of the transformation from ®, to (I1;, B,,A,) then becomes

avec(®d,)
d(vec(Ily ) vec(B,) vec(A,)')
d vec(®,) ’
d(vec(Ilyyy) vec(y,)’ vec(B,) vec(Az)')

d(vec(Ilyyy ) vec(h,) vec(B,) vec(Ay)')’ l
d(vec(Ily;)" vec(B2) vec(A,)')

=|(Ji L J3 WG G, Gy G4l

|J(‘D2,(H2h 32,/\2)” =

The specification of ®; reads

®, = (6 0)n321 0 B,
3= L 0 A3 Bu, »

where 6= (., 63), By = (B L), Tlsp = (Ilypy M), Moy : may X s, Thags: (ks = mp) X
my, 6, = I35, 1133, . So, the specification of ®; is identical to the specification of ® for the
INSEM. The parameters (II3,,81,A3) can therefore be obtained using the SVD’s (3.3)-
(3.5) and changing the sizes of the involved matrices, i.e., k; to k3, m — 1 to m,, 1 to m;.
Also the Jacobian involved in the parameter transformation of the INSEM is identical to
the Jacobian in the case of ®; when we change the sizes of the involved matrices in the
outlined manner.

APPENDIX D. SINGULAR VALUE
DECOMPOSITION AND JACOBIANS
THREE EQUATION MODEL

For the three equation model, reduced rank restrictions are imposed on the parameter
matrices (®5 ®3), ®, and ®;. The important difference with the INSEM and the two
equation model lies in ®, which itself already results from a reduced rank restriction. As
we have to analyze @ given (®; ®3)’, we start with the SVD and Jacobian involved with
(@5 ®%)'. The specification of (@, ®3)' reads

<I>2 0 B2l Imz 0 P 321 Imz 0
@) \o 0 I, i N I A

This implies that when &, = (D D), Poy: ky X (my+my), Py ky Xms; &3 = (D3, 3p),
@31:k3 X (my + my), Payt ks X ms;

0= ®11 ®12
921 @22 ’
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811 H k2 X (m, + M2), 0, k2 X ms, @21 H k3 X (m1 + mz), @22: k3 X ms that the following
equality holds:

02\ [P
1Y) L 2%

and we are left with

<I)21 _ ®11 I + 911 A I
4)31 = @21 (BZI mz) @21 A 2(321 mz)_L;

which is again identical to the specification of ® for the INSEM such that when we change
the sizes of the matrices in the appropriate manner, i.e., k5 to k5 + k3, m — 1 to m,, and 1
to m3, we can directly use the SVD’s and Jacobians for ® of the INSEM.

The SVD’s and Jacobians for ®, are constructed using (6.17) and (6.18),

(0 0y) = H33(ﬂ32 Img) + I3, As(ﬁaz Im;)_l.'

Again this specification is identical to the specification of ® for the INSEM such that we
can use the SVD and Jacobians specified for the INSEM when we change the sizes of the
matrices in the appropriate manner, i.e., k, to k3, m — 1 to m3, and 1 to m,.

The specification of ®; reads

Bis Bz
@, = (I,; I) Lo vm, + (0 M)A ) (- .
B Bxs/),

This specification is identical to the specification of @, in the two equation model such that
we can use the Jacobians and the SVD listed there when we change the sizes of the ma-
trices in the appropriate manner, i.e., k, to ky,m; to m; + m,, and m, to m;.

APPENDIX E. OBTAINING SEM’s FROM LINEAR
MODELS USING SVD’s

The specification of ® reads

&= Un U]2 S1 0 01'1 VZ,I
Uy Ux 0 s /\vj, vh
=Mp(B Ii-1) +p  A(B Lu-1)L,

such that

Uy , ,
(B L) = U S Va1)
21
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and
Ulz ’ !
My A(B Iy-1)L = U 5(viy v5).
22
Consequently,

U“ ’ 1—1,,
Iy = U $1Vzy and B =V vy
21

Substituting these expressions in the specification of Iy, and (8 I,,—1), gives

—T155{ Ty, | _
Oy, = ( I (Ikz—m+1 + My, I3, HEzll'H'zzz) 12
ky—m+1
_ (—U{I‘IS{‘V{I‘VnS] U;,

I )(Ikz—m+l + Uy UR' U Uz'l)—l/z
ky,—m+1

Ikz—m+1

. “Ulll_l Us
< (Ikz—m+1 + Uy Ui Ul U2'1)~1/2,

as U{, Uy, + U3, Uy, = 0 (because of the orthogonalify of U), Uy, Uy = —U{T ' Uy, and
UixUsz + U Uy = Ity 41, such that

U12U2§1 ~1ryys —-1\-1/2
[y, = (Ikz—-m+l + Uz ' U U Uy )

Ikz—m+1

U12 ~1 r—1 ! ’ -1\—-1/2
= U U22 (U22 (U22 U22 + U12 U12) U22 )
22

U,
= Uz (U ' URY)H)V2
Un

U -1 1 \1/2
= U Uz (U Us) 2.
22

Similarly for (8 I,-1).,
(B ILn-)=0+pB)"*(1 -p)

=(1+ Ullvﬂlvzlflvil)_l/z(l _Ullvﬁl)

= (1+ 05" vhvpvi ) V2(1 v v5)

= (012" (V12012 + V3202V ) V20 vl v5)
= (v2"v') Vi (vl vh)

= (v12012) 2013 (V12 vh),
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because v} v12 + V3102, = 0, such that — V37 v}, = vaoviz}, and vjpv1, + Uhavpy = 1.
Consequently, to have equivalence,
A = (U Us) 2 Up 5:015(v12012) ™12
= bs,a,

where b= (U, U3,)"V2U,,, and a = v},(v,,v1,) " /% Both b and a are orthogonal matrices
(scalars) that result from the singular value decomposition because when X = USV', where
both U and V are orthogonal, then

(XX')V? = (USV'VSU")\? = (US?*U")/? = USU’,
such that
(XX")~V2x =US~'U'USV' = UV,

which is an orthogonal matrix, such that A equals the smallest singular value pre- and
postmultiplied by orthogonal vectors/matrices, or stated differently, A is a rotation of the
singular values.
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