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Abstract

Cointegration occurs when the long run multiplier of a vector autoregressive
model exhibits rank reduction. Priors and posteriors of the parameters of the coin-
tegration model are therefore proportional to priors and posteriors of the long run
multiplier given that it has reduced rank. Rank reduction of the long run multiplier
is modelled using a decomposition resulting from its singular value decomposition.
It specifies the long run multiplier matrix as the sum of a matrix that equals the
product of the adjustment parameters and the cointegrating vectors, i.e. the coin-
tegration specification, and a matrix that models the deviation from cointegration.
Priors and posteriors for the parameters of the cointegration model are obtained by
restricting the latter matrix to zero in the prior and posterior of the unrestricted
long run multiplier. The special decomposition of the long run multiplier results
in unique posterior densities. This theory leads to a complete Bayesian framework
for cointegration analysis. It includes prior specification, simulation schemes for
obtaining posterior distributions and determination of the cointegration rank via
Bayes factors. We illustrate the analysis with several simulated series, the UK data
of Hendry and Doornik (1994) and the Danish data of Johansen and Juselius (1990).
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1 Introduction

The introduction of the concept of cointegration by Engle and Granger (1987) has intro-
duced a rapidly expanding literature on multivariate analysis of stochastic trends. This
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has lead to a largely unified theory of classical statistical analysis of cointegration, see
among others Johansen (1991) and Phillips (1991). However, there does not exist a com-
plete framework for Bayesian analysis of cointegration, like in the classical literature.
The main contributions to Bayesian analysis of cointegration are: Koop (1991) analyses
implied moving averages/impulse responses resulting from the Wold decomposition of a
time series, DeJong (1992) considers the posterior distributions of the roots of vector au-
toregressive models, Kleibergen and van Dijk (1994b) analyse the consequences of local
non-identification and prior specification on the posteriors of the parameters, Dorfman
(1995) tests for the number of cointegrating vectors by analysing the difference between
the number of unit roots in the different univariate models and the number of unit roots
in the multivariate model, and Geweke (1996) proposes posterior simulators using the
Gibbs sampler.

This paper differs from the previous papers in several ways. First, the above men-
tioned papers usually focus on one aspect of Bayesian cointegration analysis in vector
autoregressive [VAR] models, for instance the computation of posterior distributions. In
the present paper we propose a complete framework for cointegration analysis, including
prior specification, simulation schemes for posterior distributions and cointegration rank
determination based on posterior odds. Second, we introduce a new decomposition of the
long run multiplier of the VAR model in error correction form. This decomposition of the
long run multiplier allows us to condition on rank reduction of the long run multiplier
in a unambiguous way. It specifies the long run multiplier as the sum of two matrices.
The first matrix is the product of the adjustment parameter matrix and the cointegration
vectors, i.e. the cointegration specification. The second matrix models the deviation from
the cointegration specification. Cointegration occurs if the second matrix is zero. The
decomposition results from a singular value decomposition as singular values are a natural
way to represent rank reduction, see Golub and van Loan (1989). Priors and posteriors
of the parameters of the cointegration model are now obtained by putting the matrix
that models the deviation from the cointegration specification in the priors and posteri-
ors of the parameters of the unrestricted model equal to zero. This way of construction
priors allows us to extend the classes of priors for the parameters of linear models, for
instance conjugate priors, to the parameters of the cointegration model. Furthermore,
Bayes factors/posterior odds ratios to analyse rank reduction can be computed using a
Savage-Dickey density ratio of Dickey (1971), see also Verdinelli and Wasserman (1995).

The outline of the paper is as follows. In Section 2 we briefly discuss cointegration and
provide the new decomposition of the long run multiplier. In Section 3 we define prior
distributions for the model parameters of the cointegration model. Section 4 discusses
posterior distributions and contains simulation schemes to obtain posterior results. To
compare cointegration models with different number of cointegrating relations we consider
in Section 5 posterior odds to determine the cointegration rank. Section 6 illustrates the
proposed cointegration analysis with several simulated series. Additionally, we consider
the UK data analysed in Hendry and Doornik (1994) and the Danish data analysed in
Johansen and Juselius (1990). Finally, Section 7 concludes.



2 The Cointegration Model

Consider a vector autoregressive model of order & [VAR(k)] for a n-dimensional vector of
time series {V;}7_,

k
Y= ptrt+ ) @Yi+e, (1)

=1

where ¢; is an independent n-dimensional vector normal process with zero mean and
(n x n) positive definite symmetric covariance matrix 3. The (n x 1) vectors p and 7
contain the constant and trend coefficients and ®;, i = 1,..., k are (n X n) matrices with
autoregressive coefficients. The initial values Y7, ..., Y} are fixed. The VAR model in (1)
can be written in the error correction form

k-1
AV, = ptrt +TYi + ) @AY + 2, (2)

i=1
where [T = Z?Zl ®; — I, is the (n x n) long run multiplier matrix ®; = — Z?:H»l d; are

(n X n) matrices, i =1,...,k — 1, see e.g. Johansen (1991).

The characteristic polynomial of model (1) is equal to |®(z)| = |L,2* — 25, @257
Since by definition ®(1) = —II, unit roots enter the model when ®(1) has a lower rank
value. If II is a zero matrix, the characteristic polynomial has n unit roots, which corre-
sponds to n stochastic trends. Common stochastic trends appear if (n — r) roots of the
polynomial |®(z)| are equal to one, 0 < r < n, see Johansen (1991). In that case the rank
of T equals r and we say that series generated by model (1) are cointegrated. Hence,
cointegration implies that we can write the matrix IT as a product of two full rank (n x r)
matrices o and (3

II=ap. (3)

The matrix 3 contains the cointegrating vectors, which reflect the stationary long term
relations (or equilibria) between the univariate series in Y;. The a matrix contains the
adjustment parameters, which indicate the speed of adjustment to the equilibria 3'Y;.

Since the number of parameters in af’, 2nr is larger than the number of free param-
eters in II, under reduced rank (= nr + (n — r)r) the a and/or § parameters have to be
restricted to become estimable. A common restriction to identify 3 is 3’3 = I,. Since the
results in this paper are not sensitive to the way we restrict 3 we choose, for notational
convenience, for the specification

p=1 —B5), (4)

where (5 is a ((n — r) X r) matrix. Note that due to this normalization the 3 matrix has
always full rank.



To save on notation we write the error correction model (2) in matrix notation,
AY = VI + X& + ¢, (5)

where AY = (AYk—i—l .. .AYT),, Y_l = (Y}c .. -YT—I),; g = (6k+1 e €T) X = (X]Ic+1 X )
X, =(AY.,...AY/, , 1¢),and @ = (®1...P,_; pu 7). To save even further on nota-
tion, we focus in the remainder of this paper on a simple VAR(1) model without determin-
istic elements. This is not a serious restriction since under a diffuse prior specification on @,
integrating out the @ parameters from the likelihood function leads to analysing a VAR(1)
model for the transformed data MxAY and MxY_;, where My =I;_;, — X(X'X)1X".
We refer to this VAR(1) model in error correction form as a linear error correction [lec]
model

AY = Y_II +e, (6)

where we define IT = II' for notational convenience. Under the restriction II = a3’ this
model simplifies to an error correction cointegration [ecc] model

AY = Y,lﬂa+5, (7)

where a« = /. To clarify the restriction that leads to rank reduction in IT we consider
the following decomposition of IT1

I. O «
II= 6a+ﬁL)\aL—(ﬂﬁL)<0 )\><Ou)’ (8)
where 0 = (I, — )" and e, and 3, are specified such that a; @' = 0 with &, &', =1,,_,

and 8, = 0 with 818, = Lo and B = (B Tor)/(Tnr + B5f) 2, 1 = (L +
ooy Vay o) 2 (I, , — ofay’) where @ = (@ o) with oy a (5 x (n — r)) matrix
and aw a (r x r) matrix. We use that for a positive (semi)-definite real symmetric matrix
M, M2 = CAzC" where A is a diagonal matrix containing the eigenvalues of M and
C' contains the orthonormal eigenvectors of M and Mz = CA’%C”, see e.g. Johansen
(1995, p. 222). Using this decomposition we reparametrise the linear error correction
model (6) in an unrestricted error correction [uec] model

AY =Y fa+Y 1 a; +e. 9)

When A\ = 0, the long run multiplier IT in (8) displays rank reduction and cointegra-
tion occurs. Note that the row- and columnspace of the matrix (3, e ), which models
the deviation from the cointegration specification Sa, are spanned by the orthogonal
complements of the cointegrating vectors § and the matrix of adjustment parameters «
respectively.

The decomposition of IT in (8) results from the singular value decomposition of IT,

M=USV, (10)



where U and V' are (n x n) orthonormal matrices, i.e. U'U =1,, V'V =1, and S is an
(n x n) diagonal matrix containing the positive singular values of IT (in decreasing order),
see among others Golub and van Loan (1989) and Magnus and Neudecker (1988). If we

write
Un U Su 0 Vit Vig
U= , S = dV = 11
(o o) 5= (0 s ) mav=(3t i) (1)
with Uy, Sii, Vin (7% 7), Usa, Saa, Voo ((n—71) X (n—7)), Uar, Via ((n—7r) x 1) and Uss,
Vo1 (1 x (n — 1)) matrices, we obtain the following expressions for a;, A and 3,

o =UpnSu(Vi) Va)
A= (UsaUsy) 2 UnsS23 Vs (Vas V) 2 (12)
PBo = —U21Uf117

where the square roots of the matrices are defined below (8), see Kleibergen (1998). From
(12) if follows that A consists of an orthogonal transformation of the (n — r) smallest
singular values of II, which end up in Sy. The singular values are the square root of
the eigenvalues of the symmetric matrix IT'IT and hence are always real. The number of
non-zero singular values determines the rank of a matrix, see Golub and van Loan (1989).
Since A is an orthogonal transformation of the smallest singular values, restricting A
to zero is equivalent to restricting the smallest singular values to zero and is thus an
unambiguous way of restricting the rank of the long run multiplier. The decomposition
(8) does therefore not suffer from dependence of the order of the variables in the VAR
model like in Kleibergen and van Dijk (1994b).

The Likelihood Function

The likelihood function of the unrestricted error correction model (9) conditional on the
initial observations Y; is given by

1
Liee(YE,IT) = (V ZW)’(T’I)”|E ® In|’% exp(—§(Ve(:(s)'(Z]’1 ® I, Y)vec(e)))
13)
1 (
= (\/2%)_(T_1)"|E|_%(T_1)|IT_1|_%"exp(—?cr(E_ls's)),

where ¢ is given in (6). In addition, the conditional likelihood function of the unrestricted
error correction model (9) and the cointegration model (7) are

'Cuec(Y|Ea «, )\7 62) = ‘CleC(Y|E7 H)|H:50‘+5J_/\0‘_L (14)
ﬁecc(Y|Eaaaﬂ2) = ‘Cuec(Y|Eaaa)‘752)|)\:07 (15)

respectively.
In the next section we propose a prior framework to analyse the unrestricted error
correction models (9) and the cointegration models (7).
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3 Prior Specification

Traditional Bayesian analysis of the cointegration model starts directly with specifying
priors on the parameters ¥, a and [, in the cointegration model (7). The cointegration
model (7) is non-linear in the parameters a and (. It is easy to see that the parameter (3,
is not identified when a@ = 0 (or when « is of reduced rank), see Phillips (1989) for more
discussion on local non-identification. Consequently, if a diffuse prior is used, such that the
joint posterior of the parameters is proportional to the likelihood, the conditional posterior
of 3, given « is constant and non-zero when e = 0. The integral over this conditional
posterior at @ = 0, which is part of the marginal posterior of «, is therefore proportional
to the volume of the parameter region of 3, (R™~")), which is infinity. This leads to
a a posteriori favour for locally non-identified parameter values when diffuse priors are
used for the parameters (e, (), see Kleibergen and van Dijk (1994b) for a more elaborate
discussion of this phenomenon. This problem with local non-identification disappears if
one specifies proper priors. However, if under a proper specification a = 0, the posterior
of (35 is completely determined by the prior on (3, and Bayes factors to compare models
with different number of cointegration relations may in such case be very sensitive to prior
specification.

The approach in this paper is based on the idea that the error correction cointegration
model (7) is nested in the linear error correction model (6) and results from imposing a
reduced rank restriction (A = 0) on the long run multiplier IT. Since this is also true for
the likelihood functions of the models, we also want this to hold for prior and therefore
posterior distributions. The parametrisation of rank reduction of IT using (a, A, f3) in
(8) is such that starting from a density p(IT) for unrestricted values for IT it leads to a
unique expression of the conditional density p,(IT) for reduced rank values of IT

Dr (H) X p(H) |rank(H):r

o p(II(ex, B2, A))|r=o|J (e, B2, A)| =0l (16)

where |J(a, 32, A)| represents the Jacobian of the transformation from IT to (e, 32, \),
|n=0 stands for evaluated in A = 0 and the subscript r denotes restricted, see Kleibergen
(1998). The conditional density (16) is unique since it is constructed by restricting an
orthogonal transformation of the smallest singular values of IT to zero, see also below.
The density p(IT) can be a posterior or a prior of IT and may depend on hyperparameters.
Given a prior or posterior on IT we can use (16) to construct the prior or posterior on the
parameters of IT under rank reduction, i.e. the cointegration model (7).

For instance, (diffuse) priors for the ¥ and IT parameters in the linear error correction
model (6) implies via the Jacobian transformation J(a, A, 33)| priors for the ¥, o, A and
(o parameters in the unrestricted error correction model (9), which leads to well-behaved
posterior distributions. The joint prior of the parameters of the cointegration model (7) is
now proportional to the joint prior of the parameters of the unrestricted error correction
model (9) evaluated in A = 0. Since the likelihood of the cointegration model (15) as a
function of the parameters results from the likelihood of the unrestricted error correction



model (14) evaluated in A = 0, the posterior of the parameters of the cointegration model
results from restricting A = 0 in the posterior of the parameters of the unrestricted error
correction model (9), i.e. the posterior of IT under rank reduction.

Normally, the construction of posteriors and priors using conditional densities like (16)
suffers from the Borel-Kolmogorov paradox, see Kolmogorov (1950) and Billingsley (1986).
Consequently, the posterior or prior then depends on the way we restrict the Il matrix to
obtain rank reduction and therefore on the cointegration specification. In other words it
depends on the way A is defined in the restriction A = 0. For instance, restricting A = 0
in the decomposition of IT in (a, A, 43) in Kleibergen and van Dijk (1994a) may lead to a
different posterior than the decomposition in (8). Also the restriction v = A/(1 — ) =0,
which also implies rank reduction may lead to a different posterior. Although this Borel-
Kolmogorov paradox cannot be avoided, Kleibergen (1998) shows that it is possible to
obtain unique prior and posterior densities if the transformation from IT to (a, A, 32)
allows us to uniquely obtain IT from every value of (e, A, 32) given that (a, ) allow
for it. Only specifications of A which satisfy this condition allow us to condition on the
restriction of rank reduction and on nothing else. Note that this condition is stronger
than just invertibility. It is not allowed that different values of A lead to the same value
of IT. The decomposition of IT in (8) satisfies this condition, since A it is an orthogonal
transformation of the singular values. However, the decomposition of IT in Kleibergen and
van Dijk (1994a) does not satisfy this condition since conditioning on A = 0 in that case
does not always corresponds with the desired kind of rank reduction. Also conditioning
on v = A/(1 —A) = 0 does not satisfy this condition since we cannot retain the value
of (a, A, 32) from (e,v, %) when A = 1 and thus also not the value of II. Our prior
framework therefore leads to unique posteriors within the limited class of restrictions that
lead to rank reduction, see Kleibergen (1998) for details.

Finally, note that the above proposed construction of prior distributions also allows us
to construct conjugate priors for the parameters of the cointegration model. If we specify
a conjugate prior for the parameters of the linear error correction model (6), we have
specified a conjugate prior for the parameters of the unrestricted error correction model
(9). Evaluating this prior in A = 0 then gives us the conjugate prior for the parameters of
the error correction cointegration model (7). Furthermore, if the prior of the parameters
of the error correction cointegration model is conjugate, this is also true for the posterior
of the parameters of the error correction cointegration model and hence the prior and
posterior of (a, (32) are of the same type.



Linear Error Correction Model

A conjugate prior for ¥ and IT in the linear error correction model (6) consists of an
inverted Wishart prior for ¥ and a matrix normal prior for IT given X

1 1 ]_
Prec(E) ox [P [E] 2 exp(—tr(71S)),
17)
) (
Prec(TT[S) ox [S] 72" A[2" exp(— 5 tr(S~ (IT — P A(TI — P)),

where h and the positive definite symmetric [PDS] (n x n) matrix S are prior parameters
for the inverted Wishart and the PDS (n x n) matrix A and the (n x n) matrix P are
prior parameters for the matrix normal prior. Therefore, the marginal prior for IT is a
matrix ¢ density. A diffuse (non-informative) prior specification for ¥ and IT given ¥ is
given by prec(X) o |Z[72D and pre.(II|T) o 1.

Unrestricted Error Correction Model

The joint prior of the parameters of the unrestricted error correction model (9) results
directly from the joint prior of the linear error correction model pj..(X, IT) (17)

puec(za «, >‘7 52) X plec(Ea H) |H:ﬁa+ﬁL/\al|J(a; )‘7 /82)|7 (18)

where |J(a, A, 52)| is the Jacobian of the transformation from IT to (e, A, #2). The deriva-
tion of this Jacobian and its functional form are given in Appendix A. It is not possible
to write the joint prior as a product of marginal and/or conditional priors of a known
type. Note that the marginal prior of ¥ is still an inverted Wishart density. The marginal
priors of the remaining parameters can be obtained through simulation, see Section 4.

Cointegration Model

The joint prior of the parameters of the error correction cointegration model (7) is pro-
portional to the joint prior of the unrestricted model (18) evaluated in A = 0,

1
pecc(Ea «, 52) = C_puec(za «, )‘7 62)|)\:0

; (19)
= C_puec(za H) |H:ﬁa|J(a7 )\7 62)|)\:0|7
where ¢, is a correction factor which corrects the integrating constant and
[ T(ct, A, B2) r=o| = (L. ® B) (/@ (° )) (&L ®pL)|
3 (20)

Y
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see Appendix A. The correction factor ¢, equals

¢ = ///puec(E,a,)\,ﬁg)hg dX dacdfs. (21)

Note that for the diffuse prior specification ¢, is not defined. For determining the posterior
distributions the factor ¢, does not matter since it is a constant. However, for the cointe-
gration rank determination via posterior odds analysis the value of this factor is needed.
Section 5.1 shows how to calculate ¢, through simulation. Furthermore, Section 4 shows
how to simulate from the marginal prior distributions pece(X), Pece(@) and peee(2) which
are of unknown analytical form while the conditional prior of ¥ given (a, () is an inverted
Wishart density.

3.1 Specification of the Prior in Practise

When constructing priors for the parameters of cointegration models, we typically do
not have prior information regarding the unrestricted long run multiplier II but we have
some prior beliefs about the cointegrating vectors [, their loading factors « and the
cointegration rank r. The prior framework based on a prior for the long run multiplier is
based on the first property though. Given the prior on the long run multiplier, for example
a Minnesota prior, see Doan et al. (1984), it gives the implied prior on the parameters of
the error correction cointegration model. We can however also specify the implied prior
on « and (5 directly, such that it corresponds in functional form to the implied prior
which would result from a conjugate prior on the long run multiplier. We then substitute
the information we have regarding the cointegrating vector and loading vectors in this
prior which implies a conjugate prior on the parameter of the long run multiplier.

The prior for (X, e, f2) in the cointegration model (7) implied by the conjugate prior
specification (17) reads

1
2

LB o 1p
pecc(Ea «, 62) 0.8 ‘ ( a® 62 aa/ ® In—r

22)
I (L5715 + (Fex — ba) A(Bex — b)),

where ba = P with b a (n x r) and a an (r X n) matrix and S and A are the remaining
prior parameters. By specifying P as ba we can now reflect the information we have
with respect to the location of the cointegrating vector and their loading vectors in the
specification of b and a respectively. Note that the dimensions of b and a also reflect
our prior beliefs about the cointegration rank. The scale matrices S and A allow us to
reflect our prior ideas about the correlation and variances of 5 and «, where it is such
that the prior variance of both 5 and a are decreasing in A and the prior variance of
a is increasing in S. The prior (22) results from the conjugate prior (17) with P = ba
and shows the functional form of a conjugate prior on the parameters of the cointegration
model. Note that the prior (22) incorporates the local non-identification of 3, for lower
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rank values of « since it is flat and zero at these parameter values which shows that the
prior variance of 3 is infinite at lower rank values of c.

Finally, we emphasize the importance of using priors on the parameters of error correc-
tion cointegration models which are implied by priors on the long run multiplier, whose
properties are well understood. The linear error correction model is linear in the long
run multiplier IT and it is therefore well known how prior information is updated to pos-
terior information and that all properties of its prior are thus reflected in its posterior.
The cointegration model is non-linear in a and 2 and it is not directly clear how the
prior information is updated to posterior information, if one specifies a prior directly on
its parameters. To verify the plausibility of a specified prior on the parameters of the
cointegration model, one has to construct the implied prior on the long run multiplier.
Since the linear error correction model is linear in the long run multiplier, the properties
of the implied prior are reflected in the posterior of the long run multiplier and hence
also in the posterior of the parameters of the cointegration model, see Kleibergen (1998).
Using this approach Kleibergen (1998) shows that specifying independent normal priors
directly on a and (3, on models with different number of cointegration relations can lead
to incoherent Bayes factors.

4 Posterior Distributions

In this section we discuss the posterior distributions of the parameters of the linear er-
ror correction model (6), the unrestricted error correction model (9) and the cointegra-
tion model (7). We focus on the posteriors of the parameters under the conjugate prior
specification. The posteriors under diffuse prior specification follow from the conjugate
specification by putting h = —n, S =0 and A = 0.

Linear Error Correction Model

The posterior of the parameters of the linear error correction model (6) is proportional
to the prior (17) times the likelihood (13). Since it can be seen as a multivariate linear
regression model, the marginal posterior of ¥ and the conditional posterior of IT given X
are just

Pree(EIY) o |8+ PIAP + AY'AY — I (A + Y2, Y_ T4 | -4 4e40)
: ] ]
eXp(_;CI“(E*l(S + P'AP + AY'AY — HI(A + Y, Y)ID))),

, , (23)
Prec(TL[E,Y) oc [B[72"|(A + Y, Yo, ) [2"
empémyﬂn—ﬁﬂA+wﬁgxn—ﬂm,
with
= (A+Y' Y ) (AP +Y',AY), (24)
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see e.g. Zellner (1971). The marginal posterior of ¥ is just like the prior an inverted
Wishart distribution. The conditional posterior of II given ¥ is a matrix normal distri-
bution. Hence the marginal posterior of IT is a matrix ¢ density, see Zellner (1971).

Unrestricted Error Correction Model

The posterior of the parameters of the unrestricted error correction model is proportional
to the prior (18) times the likelihood Lye.(X, e, A, §2) defined in (14).

puec(Ea «, )‘7 /82|Y) X puec(za «, >‘7 52) £uec(}/|§]7 «, >‘7 52) (25)

This posterior density cannot be decomposed into a product of conditional and /or marginal
densities belonging to a known class of probability density functions. We can however
simulate from this posterior since we can easily simulate from the posterior of the linear
error correction model (23) and it holds that

Puee(3; 0, A; B2Y) = Prec(X, TUY) [n=pavt 5, ra |/ (@5 A, Ba)- (26)
The simulation scheme is as follows
Step 1: Draw ¢ from pj..(X|Y) given in (23).
Draw IT' from pie.(IT|X7, Y) given in (23).
Step 2: Perform a singular value decomposition of IT' = U? S* V.
Step 3: Compute o', \* and 3} using (12).
The simulated values @', A and 3 can be used to determine marginal results. Likewise,

we can use this simulation scheme to obtain marginal prior results for a, A\ and ;.

Cointegration Model

The posterior of the parameters of the error correction cointegration model (7) is propor-
tional to the prior (19) times the likelihood (15)

pecc(Ea «, 52|Y) X pecc(Ea «, 52) 'Cecc(Y|Ea -, 62) (27)

Again this joint posterior cannot be decomposed in marginal and/or conditional posterior
densities of a known type. Since the prior and the likelihood function of the parameters
of the cointegration model (7) equals the prior and likelihood function of the parameters
of the unrestricted error correction model (9) evaluated in A = 0 it holds that

pecc(Ea «, 52|Y) X puec(Ea «, )\7 62)|/\:0 Euec(Y|Ea «, )‘7 52) |)\:0

28
o Puec(Z, @, A, Ba]Y) rco- (28)
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We use this relation to set up a Markov Chain Monte Carlo simulation algorithm to obtain
posterior results. Since the full conditional posterior distributions are of a unknown type,
standard Gibbs sampling is not possible. Therefore, we apply the Metropolis-Hastings
sampler of Metropolis et al. (1953) and Hastings (1970).

To describe the Metropolis-Hastings [M-H| sampling algorithm, let ¢ be a random
variable with density function f(1)). Let g(C|¢) be a candidate-generating density function
in ¢. The simulation algorithm to sample from the density f(1)) works as follows:

Step 1: Specify starting values ¢° and set i = 0.

Step 2: Simulate ¢ from g(¢|¢?).

Define a(¢, ") = - (%, 1) =
1 fWMg(Cly?) = 0.

Choose ¢! = ¢ with probability a((, 1"

and ! = ¢* with probability (1 — a(¢,¢?)).

Step 3: Set i =7+ 1 and go to step 2.

The described iterative scheme generates a Markov chain. After the chain has converged,
say at H iterations, the simulated values {t*,i > H} can be used as a sample from the
distribution of ¢ to compute means, variances, etc. Different choices for the candidate-
generating function result in different specific forms of the algorithm. For example, if
g(¥Y¢) = g(¢|¥") the acceptance probability simplifies to a(¢, ") = min(f(¢)/f(¥"), 1).
This describes the original Metropolis algorithm. If ¢(¢,v") = g(¢), we get a(¢?, () =
min(w(¢)/w(4?), 1), where w(¢) = f(¢)/g(¢), which can be interpreted as importance
weights. For details we refer to Smith and Roberts (1993) and Tierney (1994).

If we opt for a M-H algorithm, we can take the posterior of the parameters of the
unrestricted error correction model (25) as candidate-generating density function, since
we have already shown how to sample from this distribution. However, in this case we also
sample A\ which does not show up in the posterior of the parameters of the cointegration
model (27). To circumvent this problem we extend the posterior of the parameters of the
cointegration model (27) with a proper conditional density g(\|%, a, B2, Y)!

g()‘|27 «, 527 Y) pecc(za «, 52|Y) X g()‘|27 «, 527 Y) puec(za «, )\7 52|Y)|/\:07 (29)

and sample from this distribution using the M-H approach. Since g is a proper density, the
draws 3, v and [, can be seen as draws from the posterior (27). The acceptance-rejection
step depends on the ratio of the extended posterior of the parameters of the cointegration

1 This solution is based on the ideas in Chen (1994).
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model (29) and the posterior of the parameters of the unrestricted error correction model
(25)

)‘|Ea «, 527 Y) puec(Ea «, )‘7 /82|Y)|)\=0
puec(Ea «, >‘7 52|Y)

Implementing this in a M-H sampler results in

'U}(E, «, >‘7 52) = g(

(30)

Step 1: Draw (X! ot A+ 801 from (25).

Step 2: Accept (X!, o't A Bit!) with probability min (

w(E”l,a”l,/\Hl}ﬁé—i_l) 1
w(2laalaAl7ﬁ%) ’

otherwise (Y1+!, ot N+ Bty = (20 of, N, B3L).
Since the candidate-generating density function has to approximate the density from which
one wants to sample, it is necessary to take for g(A|X, e, 2,Y) a density function which
is close to the conditional posterior of A. Therefore, the choice of g depends on the
functional form of the prior for (X, II). The decomposition of the trace in the posterior

under a conjugate prior specification given in Appendix B shows that a good choice for g
is

9ONZ, 0, 3, Y) = (2m) 307 | D7l B0 (A 4+ YY) B30
1 ~ -
exp(—5r(BL(A + YL Y-1)BL 0 = NS~ (A= 1)), (31)

with A = (81 (A+ Y, Y_1)B81) 'BL(A(P — Ba) + Y, (AY — fa))X e (e, S ) L
This results in the following expression for the weight function w

(n—r)? |‘](a7 )‘7 /82) |/\=0|
| J (e, A, Ba)]

BLA+Y! Yo |20 exp(—%tr((ﬁL(A + YY) BN X e)X)). (32)

w(S, e\, f) = (2m) ¢ a2 e 2

Remember that the functional form of the Jacobian |J(a, A, £2)] is given in Appendix A.
Using the same strategy as above we can also obtain drawings from the marginal priors
Pece(@) and pece(2), see also the end of Section 5.1.

The Metropolis-Hastings sampler presented in this section may sometimes lead to high
rejection frequencies and therefore slow convergence. An alternative approach is impor-
tance sampling, see Kloek and van Dijk (1978) and Geweke (1989). The weight function
w in (32), evaluated in the draws, represents in that case important weights, see also
Chen (1994) and (Verdinelli and Wasserman 1995, p. 615). The M-H sampling approach,
however, has the advantage that it can be implemented in a Gibbs sampler, see Chib
and Greenberg (1995). This makes it possible to analyse more complicated VAR models,
for instance a VAR model with an endogenous break in the constant. These models are
usually analysed using a Gibbs framework. The sampling of the block (X, ¢, 32) given
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the remaining parameters in the model can then be done using the simulation steps in
this section. In the next subsection we show how we can use importance sampling tech-
niques to compute posterior odds to compare cointegration models with different number
of cointegrating relations.

5 Posterior Odds Ratios

The in the previous sections developed procedures for calculating the posteriors of the
parameters of the cointegration model for different number of cointegrating vectors r, allow
us to compare models with different cointegration ranks using posterior odds analysis.
Since the number of cointegrating vectors r can only take n + 1 different discrete values,
we can consider prior and posterior probabilities of the cointegration rank r and the
implied number of unit roots (n —r), r =0,...,n.

First we assign prior probabilities to every cointegration rank r,

Prrank = r] r=0,...,n. (33)

These prior probabilities imply prior odds ratios [PROR] to compare a priori the cointe-
gration models with different number of cointegrating relations. Since every cointegration
model (7) is nested in the full rank model (9) it is convenient to consider

Prrank = r]

PROR(r|n) = Pr[rank = n]’

r=0,...,n. (34)

The Bayes factor [BF] which compares the cointegration model (7) with the unrestricted
error correction model (9) is given by

Pr[Y|rank = r]
Pr[Y|rank = n]’
- fffpecc(zvaaﬁ2)£ecc(Y|Eva752)dE dadBy

- ffffpuec(za o, A, 32) Luee Y, @, A, B2) dX dac dX dfs’
see e.g. Leamer (1978) for a formal discussion about Bayes factors. Now we can define

the posterior odds ratios [POR] to compare a posteriori a cointegration model with r
cointegrating vectors with a model with n cointegrating vectors

POR(r|n) = PROR(r|n) x BF(r|n), r=0,...,n. (36)

BF(r|n) = r=0,...,n

(35)

These posterior odds ratios imply posterior probabilities for every cointegration rank. The
posterior probability for a cointegration model with rank r equals
POR(r|n)
Prirank =r|Y| = r=20,...,n. 37
rank = V] = g . 37)
The posterior probabilities can be used to choose the cointegration rank, or as weights in
further analyses, like forecasting exercises. In the next subsection we show how the Bayes
factors can be computed in case of conjugate priors.
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5.1 Computation of Bayes Factors

The computation of the Bayes factor (35) requires the evaluation of two integrals. Since it
is not possible to integrate out a, A or 3 analytically, we need again simulation techniques
to calculate Bayes factors.

For the computation of the Bayes factor we use that the prior and the likelihood of
the error correction cointegration model (7) equals the prior and the likelihood of the
unrestricted error correction model (9) evaluated in A = 0 times 1/¢,. The Bayes factor
(35) simplifies to

BF(r|n) = [[] Pece(Z, e, B2) Leee (Y E, e, B2) dE dex d 3

[T Duce(E, @, X, B2) Luee Y [E, @, A, o) dS decd df,
IS Epuce(S, 00X, B) a0 Luee YIS, @, X, B2)rco 45 dex s,
T T  Puee(Zr @ A, B2) Luee YIS, @, A, By) dS dec dA dBs
IS Euce(E, e, Ba]Y) [z dE dex d
T I Puee(Z, @, X, oY) dE decdN dfy

Dickey (1971) shows that under certain regularity conditions this Bayes factor can be sim-
plified as the ratio of the marginal posterior density of A, pye.(A|Y"), and the marginal prior
density of A, puec(A), both evaluated in A = 0. This ratio is known as the Savage-Dickey
density ratio, see also Verdinelli and Wasserman (1995). Unfortunately, the marginal prior
and posterior distribution are of an unknown type and can only be obtained through sim-
ulation. The height of the marginal posterior density in A = 0 can be computed using a
kernel estimator, see Silverman (1986). However, this strategy suffers from the curse of
dimensionality in kernel estimation since (n — r)? can become large. The same reasoning
holds for the computation of ¢,, which is in fact the height of the marginal prior of A
evaluated in A = 0, see (21). If one wants to avoid the nonparametric estimation, one can
also use the approach of Chen (1994), see also (Verdinelli and Wasserman 1995, p. 615).
We extend the numerator with the integral [ g(\|X, e, 32)d), where g is a proper density
function

(38)

oy — W EPuee(S @A Bl V)laco ( 9OAIE, @ o) dN) d dex
(rim) = [TIT Puce(S, e, N, o] Y) dS dexd) d B
TS Puce(B, 00 A, Bl V) a0 g, @, B2) dS dee dA d,

N [Lf] Puec(E, @, X, Bo]Y) dE dex dX d3s : (39)

An appropriate candidate for g(A|¥, e, ;) is a density function which is close to the
conditional posterior of A, see Chen (1994) for details. Therefore, the conditional density
function (31) is again a good candidate.

We can calculate the ratio of integrals in (39) by simulating ¥, «, A and (3, from
Puce(Z, a, A, 32|Y), see Section 4. For the simulated parameters (X af, XY, 3%), i =
1,..., N, we calculate the ratio of the integrands w(X’, ¢, \!, 4) defined in (32). The av-
erage of the simulated weights w(X¢, !, XY, 3%), which can be seen as importance weights,
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then converges to the ratio of the integrals (39) times c,
N

1 7 7 7 7
VN (N ;w(E Lo N ) — C,BF(r|n)> = N(0,v), (40)

where N is the number of draws, v = var(w(X, a, A, 32)), = stands for weak convergence,
and (% S w(Ead, N B2 — (N w(E e, N, 55))2) = v, see Geweke (1989) and
Chen (1994).

To compute the Bayes factors we also need the value of ¢,. We can use the same simula-
tion technique of Chen (1994) to calculate ¢,. Since [[[[ puec(E, e, A, o) dE dax dAdfs =1

we can write

¢ = / / / Pace(5, @\, o) |no 4 dex B,

_ S Puce(E, e, A, Bo) [r—0 AT dex df

SIS Puce(E, 0, X, o) dS dex dAd By

ST Puee S, 0, A, Bo) amo (f RAE, @, 5) dA) dE dex d,

- JITT Puee(E, @, A, o) dE dex dAd B,

TS Puee(Zs @, A, B) amo hAZ, e, B) d dex d dfps

- TTTT Puce(S @, A, ) dS. dex dAd 3, !
where h()\|X, @, 32) is a proper conditional density function. Simulate from the prior
Puec(XZ, @, A, B2) (18) and compute the ratio of the integrands of the numerator and de-
nominator. The average of these simulated ratios then converges to ¢,. An appropriate

density function h for the prior specification (17) is a density function which is close to
the conditional prior of A

(41)

BN, o o) = (2m) 207 o, 71, [0 8 AG, 50
1
exp(—5tr(BLABL (A~ DT el (A= 1)), (42)

with [ = (3 ABL) 1B AP — fa)X e (e X7/, )7t The weight function belonging
to this density equals

|J(av A, 52) |/\=0|
|/ (ax, A, B2)

In case of a diffuse prior specification ¢, is not defined and Bayes factors for rank

reduction cannot be interpreted. Under diffuse prior specifications the height of the

marginal prior, in our case ¢, is often replaced by a penalty function depending on the

number of restricting parameters. For instance, if we put ¢, equal to T2 with T

the number of observations we have the Bayesian information criterion [BIC] of Schwartz

(1978), see also Kass and Raferty (1995). We can also use a Bayesian generalisation of the

posterior information criterion [PIC] of Phillips and Ploberger (1994, 1996). In that case

the penalty function equals ¢, = (27?)’%(””")2. We note that the resulting Bayes factor is
not equal to the PIC for cointegration models constructed in Phillips (1996).

h(AIZ, @, Ba)[r=o0- (43)
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6 Application

To illustrate the applicability of the, in the previous sections, constructed methods and
procedures for Bayesian cointegration analyses, we consider four simulated time series,
the UK data analysed in Hendry and Doornik (1994) and the Danish data analysed in
Johansen and Juselius (1990). Since we want to illustrate the performance of our Bayesian
analysis without the risk of prior dominance, we choose in this section for an approach
with proper conjugate priors, which do not contain much information. More informative
priors can easily be incorporated in the analysis.

6.1 Simulated Series

We consider the following four data generating processes [DGPs],

0.1
I : AY,=| 0.1 | +¢
0.1
0.1 —0.2
I AY,=[ 01 |+ 02 ])(1 0 -1)Y, i+¢
0.1 0.2
(44)
0.1 0.2 —0.2 Lo 1
I : AY,=| 01 |+| 02 —0.2 (0 1 _1>Yt1+et
0.1 0.2 0.2
0.1 —0.2 —0.2 —0.2 10 —1
IV : AY,=|[ 01 |+| 02 —02 —02 0 1 =1 |Yi+e,
0.1 02 02 —02 00 1

where g, ~ NID(0, I3) and the sample size T is 100 observations. The four DGPs contain
0, 1, 2 and 3 cointegrating relations, respectively. DGP I contains three unit roots,
DGP II contains 2 unit roots and a root 0.6, DGP III contains the roots 1, 0.6 and 0.6,
and DGP IV contains the roots 0.8, 0.6 and 0.6.

To analyse the simulated series, we consider a VAR(1) model with a constant term,
which corresponds to the specification in the DGP. The first step in the Bayesian analysis
is to specify a prior on the vector autoregressive parameters Il and on the covariance
matrix Y. The prior specification is given in (17). For the ¥ prior we take h = 4 and
S =1I3. For the mean of the prior for IT given ¥ we take P = 0, favouring the hypothesis
of three unit roots. Note that the variance A of this prior distribution also reflects our
prior beliefs about the number of cointegrating relations, since it corresponds to the term
(Y’,Y_,) in the likelihood, see (23). Note that the series 3'Y;_; is stationary, while 5 Y;_4
is not. If we want to be uninformative about the rank of IT it is difficult to propose a
prior value for A. To circumvent this problem we take a g-prior for IT, see Zellner (1986).
In our case this would imply that the variance of this prior is a fraction of the matrix
(Y’,Y_;). Since we are dealing with non-stationary time series, we divide this matrix by
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Table 1: Bayes factors and posterior probabilities and LR statistics for the four DGPs.

=1 8 =0.1 6 =0.01 diffuse classical
r In(BF) Pr[r|Y] In(BF) Prjr|lY] In(BF) Pr[r]Y] In(PIC) Pr[r|Y] LR  p-val

DGP I
0 10.27 1.00 20.53 1.00 30.89 1.00 25.06 1.00 10.97 0.96
1 4.36 0.00 8.92 0.00 13.52 0.00 12.50 0.00 5.10 0.80
2 1.18 0.00 2.32 0.00 3.48 0.00 3.58 0.00 1.38 0.24
3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DGP 11
0 -791 0.00 2.16 0.00 12.50 0.47 6.82 0.01 4498 0.00
1 3.43 0.88 7.99 1.00 12.59 0.53 12.02 0.99 6.39 0.64
2 1.15 0.09 2.29 0.00 3.44 0.00 3.78 0.00 1.09 0.29
3 0.00 0.03 0.00 0.00 0.00 0.00 0.00 0.00
DGP 111
0 —32.81 0.00 —23.05 0.00 —12.75 0.00 —23.88 0.00 94.86 0.00
1 —-9.83 0.00  —5.42 0.00 —0.84 0.03 —4.13 0.00 33.05 0.00
2 0.13 0.53 1.26 0.78 241 0.89 2.01 0.88 295 0.09
3 0.00 0.47 0.00 0.22 0.00 0.08 0.00 0.12
DGP 1V
0 —-31.35 0.00 —21.54 0.00 —11.23 0.00 —23.96 0.00 90.93 0.00
1 —13.42 0.00 —9.03 0.00 —4.45 0.01 —8.62 0.00 39.68 0.00
2 —4.35 0.01 —3.26 0.04 —2.12 011  =2.70 0.05 12.32 0.00
3 0.00 0.99 0.00 0.96 0.00 0.88 0.00 0.95

L A log Bayes factor In(BF)> 0 denotes that a cointegration model with 7 cointegration relations is
more likely than a model with 3 cointegration relations.

Posterior probability of the cointegration rank Pr[r|Y] (37) is based on equal prior probabilities (33)
for every rank r.

3 The prior is given in (17) with h =4, S =13, P=0and A =6(Y',Y_;)/T.

LR denotes the Johansen likelihood ratio trace statistic for cointegration (p-values based on classical
distribution theory in the final column), see Johansen (1991).

2
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T, where T equals the number of observations. The prior variance for IT is now given by
A =0(Y',Y_1)/T. A smaller value of # implies less prior information. Finally, we give
each cointegration rank the same prior probability Pr[rank = r] = i, r=20,...,3, see
(33).

Given the priors and prior probabilities, we can compare models with reduced rank
(cointegration models) with the full rank unrestricted error correction model. Table 1
shows the Bayes factors and posterior probabilities for the four DGPs for three values of
6,0 =1,0.1,0.001. A Bayes factor exceeding one (or In(BF(r|3)) exceeding zero) indicates
that rank r is preferred above the full rank situation. For instance, for DGP I every rank
reduction is preferred, while for DGP IV the full rank situation is always preferred. The
Bayes factors can be translated into posterior probabilities for the cointegration ranks, see
(37). In all cases the posterior probabilities of the correct cointegration rank exceeds the
posterior probabilities of the other ranks. Note that unit roots become more likely if we
increase the prior variance on IT by decreasing 6. This results since our prior is centered
at IT = 0. When we increase the prior variance, the prior height in IT = 0 decreases. The
posterior height in IT = 0 remains almost the same since the value of 6 is such that the
prior only minorly affects the posterior. From Section 5.1 we have seen that the Bayes
factor for Il = 0 equals the ratio of the posterior and prior height in IT = 0. Hence the
Bayes factor increases when we increase the prior variance. The same reasoning holds for
the Bayes factors for A = 0. This shows that one needs to be careful in specifying prior
variances and avoid priors with a too large prior variance. The columns labelled ‘diffuse’
show the Bayes factors and posterior probabilities in case of a diffuse prior specification.
These Bayes factors are constructed using the ¢, = (2%)_%("_’")2 penalty function, see the
end of Section 5.1 for a discussion. We see that the PIC based Bayes factors give quite
satisfactory results and we therefore prefer them above a proper informative prior with a
very large prior variance.

The final two columns of Table 1 show the classical likelihood ratio [LR] statistics for
rank reduction of Johansen (1991) with p-values based on classical asymptotic theory.
The trace statistics also indicate the right cointegration rank.

6.2 Small Monetary Model for the UK

Hendry and Doornik (1994) construct a small linear dynamic monetary model for the
United Kingdom. The model consists of the variables nominal M, denoted by m,, total
final expenditure g, the total final expenditure deflator p;, and the differential between
the three-month local authority interest rate and the M retail sight-deposit interest rate
denoted by r;. The latter represents the opportunity cost of holding M;. All variables
are in logs except for the interest rate r;.

In this section we analyse the same UK data as in Hendry and Doornik (1994). We
have the same quarterly observed series of my, y;, p; and r; for the period 1963.1-1989.11.
The data are seasonally adjusted. The first step in the modelling strategy is to specify an
unrestricted VAR model. Hendry and Doornik (1994) propose a VAR(2) model for the
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four-dimensional vector of time series Y; = (my — py, ys, Apy, 1)’
AY; = p+ 7t + Y, + & AY;_; + §DOIL; + &DOUT, + &4 (45)

where ¢, ~ NID(0,X), & and & are (4 x 1) parameter vectors and DOIL; and DOUT,
are dummy variables to capture outlying observations caused by the Heath-Barber boom
and the first effects of the Thatcher government, and the two oil crises respectively, see
Hendry and Doornik (1994) for details.?

The trend ¢ and the dummy variable DOUT, are restricted such that they lie in
the cointegration space, i.e. o/ 7 = 0 and o/ & = 0, which means that the vector
(t DOUT,)" is added to the Y; ; vector and that IT becomes a (6 x 4) matrix. The long
run multiplier is now no longer a square matrix as in the decomposition in (10). However,
the decomposition can be directly extended to allow for the nonsquare long run multiplier
by adjusting the sizes of the involved matrices in the appropriate manner. In general
when IT is a (m x n) matrix with m > n, the singular value decomposition (10) is such
that U is an (m x m) matrix with U'U =1,,, V a (n x n) matrix with V'V =1, and S a
(m x n) matrix consisting of a (n x n) diagonal matrix with the n singular values on its
main diagonal on top of a ((m — n) X n) matrix of zeros, see Golub and van Loan (1989).
We can write U, S and V" as in (11) but now with Uy a (r x r) matrix, Uys a (r X (m—r)),
Uy a((m—r)xr),Usga ((m—r)x (m—r)) and Sy a ((m — r) X (n — r)) matrix.
The values for a, 3 and A follow now directly from (12). Furthermore, the specification
of conditional densities, derivation of the Jacobian, etc. remain unaltered, see Kleibergen
and van Dijk (1998).

The first part of Table 2 reports the results of a Bayesian cointegration analysis for the
model (45). The first row displays the results for a model without the dummy variables
DOIL; and DOUT,. The results are based on the conjugate prior specification (17) with
h =55 =0.0001x1I, P=0and A =0(Y',Y ,)/T for different values of #. For
the remaining parameters we take flat priors. Again, we assume equal prior probabilities
Prlrank = r| = %, r = 0,...,4. For # = 1 we see that the posterior probabilities
indicate that two cointegration relations are most likely. For the other two values of 6
only one cointegration relation is more likely. The posterior probabilities resulting from
these Bayes factors also indicate one cointegration relation. The final two columns shows
that the Johansen trace statistics indicate one cointegration if we test at a 10% level of
significance.

The results change if we include the dummy variables DOUT; and DOIL, like in
Hendry and Doornik (1994), see second row of Table 2. The posterior probabilities for
f =1 and # = 0.1 now indicate two cointegration relations between the series in Y;, while
for # = 0.01 we have only one cointegration relation. The PIC based Bayes factors also
indicate two cointegration relations. Hence, this specification provides more posterior ev-
idence for two cointegration relations. The Bayesian results correspond with the classical
results in Hendry and Doornik (1994), who also find two cointegration relations using

2DOUT; is zero except for unity in 1972.IV, 1973.1 and 1979.I1 and DOIL; is zero except in 1973.I11,
1973.1V and 1979.111.

20



Table 2: Bayes factors, posterior probabilities and LR statistics for the UK and Danish
data.

=1 6 =0.1 0 =0.01 diffuse classical
In(BF) Prlr]Y] In(BF) Pr[r|Y] In(BF) Pr[r|Y] In(PIC) Pr[r|Y] LR p-val.

_w N~ O = w N = O = w N = O

= W N = O

UK data
no dummies and restricted trend

—35.68 0.00 —13.49 0.00 9.44 0.00  24.58 0.03 119.38 0.00
3.00 0.00 21.05 0.73 39.43 1.00 28.08 0.94 40.89 0.08
9.83 0.98 20.08 0.27  30.43 0.00 24.83 0.03 12.12 0.80
5.88 0.02 10.44 0.00 15.04 0.00 13.95 0.00 4.48 0.68

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

dummies and restricted trend

—48.10 0.00 —21.56 0.00 5.95 0.00 25.71 0.15 152.85 0.00
7.28 0.00 35.59 0.02 64.10 1.00 13.78 0.00 71.42 0.00
21.10 1.00 39.31 0.98 57.71 0.00 27.43 0.85 19.65 0.24
15.58 0.00 25.87 0.00 36.22 0.00 19.61 0.00 6.43 0.40

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Danish data
unrestricted constant
16.40 0.89 34.29 1.00 52.66 1.00  20.65 0.21 45.67 0.08
14.34 0.11 24.51 0.00 34.85 0.00 21.97 0.79 17.07 0.63
7.26 0.00 11.77 0.00 16.37 0.00 13.35 0.00 6.71 0.61
2.39 0.00 3.53 0.00 4.68 0.00 4.81 0.00 0.38 0.54
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
restricted constant
22.65 0.01 45.07 0.33 68.03 0.98  44.36 1.00 49.14 0.11
27.63 0.99 45.78 0.67 64.18 0.02  25.83 0.00 19.06 0.79
16.40 0.00 26.62 0.00 36.96 0.00 18.42 0.00 8.69 0.77
7.84 0.00 12.40 0.00 17.03 0.00 10.10 0.00 2.35 0.70
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

1

2

3

4

A log Bayes factor In(BF)> 0 denotes that a cointegration model with r cointegration relations is
more likely than a model with 4 cointegration relations.

Posterior probability of the cointegration rank Pr[r|Y] (37) is based on equal prior probabilities (33)
for every rank r.

The prior is given in (17) with h =5, P =0, A = 0(Y',Y_;)/T with S = 0.0001 x I, for the UK
series and S = 0.001 x I4 for the Danish series.

LR denotes the Johansen likelihood ratio trace statistic for cointegration (p-values based on classical
distribution theory in the final column), see Johansen (1991).
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the two dummy variables, see the final two columns of Table 2. Note that the favour
of the PIC based Bayes factor for the absence of cointegration above one cointegration
relation results from the restricted trend in the cointegration space. The model without
cointegration is therefore more flexible than the model with one cointegration relation.
Because none of these models are good models in terms of Bayes factors, the most flexible
one is preferred.

6.3 Danish Money Demand

Johansen and Juselius (1990) analyse the demand function for money for the Danish
economy using a VAR model. Their model consist of M, denoted by my, real income y;,,
price level p; and the costs of holding money. The costs of holding money is approximated
by a difference between the bank deposit rate i for interest bearing deposits and the
bond rate i}. All variables are in logs. Since the inflation rate Ap, does not alter the
cointegration analysis significantly, this variable is not considered in the Johansen and
Juselius study.

In this subsection we analyse the same Danish data as in Johansen and Juselius (1990).
We have quarterly observed series of my, i¢, i and y; for the period 1974.1-1987.3. The

cointegration analysis is performed in the following VAR(2) model,

Amy my_q Amy_y
Ay - Y Ay
T -1 = -1
Alg =N + Z (5st t + H é_l + q)l Aié_l + €ty (46)
. s=1 . .
Agd i, A

where Ds,t represents seasonal dummies with zero mean and §, is a four-dimensional
parameter vector, s = 1,...,3. Although it is not likely that real income does not have
a linear trend, Johansen and Juselius restrict the constant in the cointegrating space,
i.e. o/ = 0, see e.g. Johansen and Juselius (1990). Hence, the IT matrix is extended
with an extra row and the Y ; matrix with an extra column, see also above.

The second part of Table 2 displays the results of a Bayesian cointegration analysis
for the Danish data. The results are based on a conjugate prior specification for ¥ and
IT (17) with h =5, S =0.001 xI;, P=0and A =0(Y',Y_,)/T for different values of 6.
For the remaining parameters we take a flat prior. We assume again equal probabilities
(33) Prfrank =r] = £, 7 =0,...,n.

First, we consider a model where the constant is not restricted in the cointegrating
space (o/, 1 # 0). The third row of Table 2 shows the Bayes factors and posterior proba-
bilities for three values of . The Bayes factors favour every rank reduction over the full
rank model, resulting in no posterior indication for cointegration. Hence the model with
IT = 0 is more likely than any cointegration specification. The PIC based Bayes factors
indicate that a model with one cointegration relation is preferred.

In case we restrict the constant in the cointegrating space, we see that the Bayes factors
again favour every rank reduction over a full rank model, see the final row of Table 2.
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Figure 1: Marginal posterior densities of the adjustment parameters o and the cointe-
grating vector (3 for the UK series.
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However, for # = 1 and # = 0.1 the posterior probabilities assign most probability to a
model with rank one. For 6 = 0.01 there is again no evidence of cointegration. Note
again that similar to the UK data, we find less cointegration when we decrease . As
explained before this results from the decrease of the prior height in the point where the
tested hypothesis lies. PIC based Bayes factors indicate no cointegration. The final two
columns show again the LR test statistics. The classical results show that we need to test
at a 11% level of significance to find cointegration.

To compare Bayesian posterior results with classical maximum likelihood estimates we
compute posterior results for the cointegration model with one cointegrating relationship
and the constant restricted in the cointegrating space (o/, u = 0). We use a diffuse prior
specification to compare the posterior outcomes directly with the maximum likelihood
results of Johansen and Juselius (1990). The posterior means of the o and 3 parameters
are

my Yt zé’ if my Yt zé’ 75? 1
o = (—0.26 0.08 0.03 0.03 ) and g = ( 1 —-1.02 499 —-3.716 —6.23 ),
(0.07) (0.07) (0.02) (0.02) (—) (0.15) (0.76) (1.42) (0.95)

where the posterior standard deviations are between parentheses. Note that the posterior
means correspond reasonably well to the maximum likelihood estimates in Table 2 of
Johansen and Juselius (1990) and that the posterior standard deviations of the elements
of the cointegrating vector are essentially infinite since the marginal posterior has Cauchy
type tails, see Kleibergen (1998) and Kleibergen and van Dijk (1998). However, since the
marginal posterior of the first element of o has almost no probability mass in zero, the
posterior standard deviations do not show their infinite value. Figure 1 shows the marginal
posterior densities of the adjustment parameters a and the cointegrating vector 3. The
first column shows the marginal posteriors of the o parameters. The marginal posterior
of the adjustment parameter for the money equation is situated far away from zero. This
is not the case for the other adjustment parameters, where zero lies within the 95% one-
sided highest posterior density regions of the marginal posteriors. The second column of
Figure 1 shows the marginal posteriors of the 3 parameters. These marginal posterior
distributions are more skewed and have fatter tails which are even of the Cauchy type, see
Kleibergen (1998). The posterior masses of the marginal posteriors of the cointegration
parameters are situated far away from zero except for the i’-element.

In summary, although the examples in this section are simple, they show that Bayesian
techniques provide useful tools to analyse cointegration. The Bayes factors indicate
whether rank reduction is plausible. Bayes factors can be used to calculate posterior
probabilities for each cointegration rank, to show the best model. If there is no clear
preference for one of the cointegration ranks, it is also possible to use the posterior prob-
abilities as weights in a forecasting exercise.
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7 Concluding Remarks

In this paper we have proposed a new Bayesian approach for cointegration analysis. This
approach is based on the idea that the cointegration model is nested in a linear error
correction model where the parameter modelling the error correction, i.e. the long run
multiplier, has full rank. Cointegration then occurs when the long run multiplier exhibits
rank reduction. We therefore explicitly model the priors and posteriors of the parameters
of the cointegration model as proportional to the priors and posteriors of the long run
multiplier given that it has reduced rank. This is achieved by specifying the long run
multiplier as the sum of two matrices. The first matrix is the product of the adjustment
parameters and the cointegrating vectors, i.e. the cointegration specification. The second
matrix models the deviation from the cointegration specification and we can therefore
restrict it to zero to obtain cointegration.

The Bayesian analysis starts with defining a prior for the full rank parameter matrix
modelling error correction in the linear error correction model. This prior leads via a Ja-
cobian transformation to the joint prior for the adjustments parameters, the cointegration
vectors and the matrix modelling the deviation from the cointegration specification. The
prior and posterior of the parameters of the cointegration model are obtained by putting
the matrix modelling the deviation in the prior and posterior of the unrestricted model
equal to zero. To obtain marginal posterior results we propose a Metropolis-Hastings sim-
ulation algorithm. Bayes factors to determine the cointegration rank are obtained using
the Savage-Dickey density ratio.

The Bayesian cointegration analysis proposed in this paper is flexible and is therefore
also applicable in more complicated models. We can for instance allow for structural
breaks in the means and deterministic trend or we can consider non-linear cointegra-
tion models, like Markov Switching cointegration and threshold cointegration. Also we
may change the assumption of normal distributed errors and extend the analysis to -
distributed errors or vector moving average errors. All of these issues are subjects of our
future research.
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A Jacobian Transformation

For the derivation of the Jacobian transformation, it is convenient to split up the trans-
formation from IT to a, A and (3 in two steps, firstly from IT to (o, s, A, (2), where
a = (o) ay) and ¥y = —a; 'y, and secondly from (v, s, A, 32) to (a, A, B2). In the
following we construct the Jacobians for the two transformations. We can denote IT as a

function of (a, 92, A, 52)
II=(p ﬁL)((?l g)(i)

where 9 = (I, — ) with @ = a9, B= (I, — 3}), 9, = (Li_, + V405) "2 (0 I,_,) and
B =0 L) (T, + ﬂgﬁé)’% so that 9,9, =1, , and 3. =1, .3 The derivatives
of IT with respect to a, 2, A and 35 read

0 vec(IT)

Jp = Dveclay)) (W' ® p)
Jy = a?vveic(g))), =—((.° ) ® o) + (I, ® mm%
Jy = ;&fﬁgi = (¥, ® B1)
= e = (et e (10)) + (N o L)
with
A dvec(9n?) Ovec(v) Ovec(dy
O(vec(32))' " O(vec(B))

8vec(ﬂ;%) 6vec(ﬁé) dvec(6,)

e o) 3y DT )Y et )

3If M is a positive definite real symmetric matrix, then M= = CA2C' where A is a diagonal matrix
containing the eigenvalues of M and C contains the orthonormal eigenvectors of M and M 3 =CA2(,
see e.g. (Johansen 1995, p. 222).
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where we define for notational convenience 0, = (I,_, + 9495) and £, = (L,_, + 52/35) so
that ﬁi = 19725(19,2 In—T)? /BL = (52 In—?)lﬁgi with 19%19?7, = ﬁna /Bg Tg - ﬁna

dvec(dy I, )
d(vec(vy))!

Avee(n®) _ iy g oy
)

= (") L) Knryr

= (03 @ Ly ) + (Lo, ® 7))
= (In—r ® 19,2) + (1912 ® In—r)Kn—r,r

and

dvec((B2 I,_,)")
d(vec(32))’

7; e e s

= (L ® (5K s

7)), = (82 @ Lu_y) + (Lor © B2))

= (62 ® In—r) + (In—r ® ﬁ?)Kn—r,r

where K;; are so-called commutation matrices. For any (i x j) matrix W, vec(W) =
K; jvec(W'), vec(W') = K;;vec(W), and K| ; = K;;, see (Liitkepohl 1993, p. 466). The
Jacobian of the transformation from IT to (o, s, A, B2) becomes

0 vec(IT)
d(vec(ay)’ vec ()" vec(N) vec(F2)")

= |(Jy Jo J3 Ju)|.

Since ¥, = —aj ' the derivatives of (au, s, A, B2) with respect to ay, a, A and (3, are
respectively
LI
G = d(vec(ay)" vec(ds)" vec(A) vec(B2)') | (o'an) @ at
b d(vec(ay)) - 0
0
0
d(vec(a)' vec(ds)' vec(N) vec(fs)") I, ®a;’
Gy = =
d(vec(az)) 0
0
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0

G = d(vec(ay)' vec(d)" vec(A) vec(fs)')" 0
T d(vec(\)) | L ®L_,
0
0
G = d(vec(ay)' vec(Vy)' vec(N) vec(Ba)) 0
o O(vec(f))’ a 0
Ir ® In—r

The Jacobians of the two transformations determine the Jacobian of the total transfor-
mation from IT to (e, A, 32)

[T (e, A, Ba)]
_ ‘ 0 vec(IT)
d(vec(a)’ vec(A) vec(fa)")
‘ 0 vec(IT)
d(vec(a)" vec(ds) vec(N) vec(fs))
= |(J1 Jo J3 Ju)| |(G1 G2 G5 G4)|.

d(vec(ay)' vec(dy)" vec(A) vec(Fz)")
d(vec(a)" vec(A) vec(fz)")!

Straightforward algebra shows that the Jacobian evaluated in A = 0 equals

[T(et, X, Bo)x=ol = [T ® B) ('@ (" ) (L ®p)l.

B Decomposition

The trace in the posterior density of the linear error correction model (23) can be decom-
posed as follows

tr(X (I )’(A +YL,Y)(IT —10)) i
= tr( HBa+ ﬁLAaL ~I)(A+YLY 1) (Ba+ fra; — D))
= (S ((Bo— T (A+ Y.,V ) (Ba — TT))
+tr((@ X e ) (A = A)BLA + YY) B (A= V)
—tr(C e (Y ) e, S (Ba - TD) (A+ Y'Y )3,
(BLIA+ YY) B0) AL (A + YY) (B — ID))

with

f~1 (A+Y',Y_ ) Y AP + Y  AY)
A= (BLA+YLY)B) T BL(AP - Ba) + Y, (AY — fa)E7 e (@1 B )7
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