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Abstract: In this article, we consider Markov chain Monte Carlo (MCMC)
algorithms for exploring the intractable posterior density associated with
Bayesian probit linear mixed models under improper priors on the regres-
sion coefficients and variance components. In particular, we construct a
two-block Gibbs sampler using the data augmentation (DA) techniques.
Furthermore, we prove geometric ergodicity of the Gibbs sampler, which is
the foundation for building central limit theorems for MCMC based estima-
tors and subsequent inferences. The conditions for geometric convergence
are similar to those guaranteeing posterior propriety. We also provide condi-
tions for the propriety of posterior distributions with a general link function
when the design matrices take commonly observed forms. In general, the
Haar parameter expansion for DA (PX-DA) algorithm is an improvement
of the DA algorithm and it has been shown that it is theoretically at least
as good as the DA algorithm. Here we construct a Haar PX-DA algorithm,
which has essentially the same computational cost as the two-block Gibbs
sampler.
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1. Introduction

Generalized linear mixed models (GLMMs) are generalized linear models with
random terms in the linear predictor. The random effects in the GLMM can
accommodate for overdispersion often present in non-Gaussian data, and de-
pendence among correlated observations arising from longitudinal or repeated
measures studies. GLMM is one of the most frequently used statistical mod-
els. Here, we consider a popular Bayesian GLMM for binary data, namely, the
probit linear mixed model.
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Let (Y1,Ys,...,Y,,) denote the vector of Bernoulli random variables. Let x;
and z; be the p x 1 and g X 1 known covariates and random effect design vectors
respectively associated with the ith observation for i = 1,...,n. Let 3 € RP be
the unknown vector of regression coefficients and w € R? be the random effects
vector. A GLMM can be built (McCulloch, Searle and Neuhaus, 2011; Breslow
and Clayton, 1993) with a link function that connects the expectation of Y; with
x; and z;. One of the very popular link functions is the probit link function,
®~ 1, resulting in

P(Y;=1) = &(z{ B + z{ ), (1)
where ®(+) is the cumulative distribution function of the standard normal ran-
dom variable. Assume that we have r random effects with u = (u?,... w7,
where u; is a g; x 1 vector with ¢; > 0, g1+ -+¢, = ¢, and u; ind N(0,1,,1/75),
where 7, € Ry = (0,00) is the precision parameter associated with w; for
j=1,...,r. Let 7 = (my,...,7,), thus, the data model for the probit GLMM is

Yi|B,u, T ind Bern(a;) for i = 1,...,n with
a = ®@@/B+zlu)fori=1,...,n, (2)
1
wlBr N0, —1,) =1
7

Let y = (y1,%2,---,¥n)" be the observed Bernoulli response variables. Note
that, the likelihood function for (3, 7) is

L(ﬁ7T|y) = /Rq H [(13(:1}31,6 + zZTu)] Yi [1 . (I)(wz“ﬁ T ZiTu)]l—yqz (3)

X ¢q(u;0, D(‘r)_l)du,

which is not available in closed form. Here, ¢,(s;a, B) denotes the probability
density function of the g—dimensional normal distribution with mean vector a,
covariance matrix B and evaluated at s, and D(1) = &}_;7;1,,.

In Bayesian framework, one needs to specify the prior distributions of 3 and
7. Assume (3 and T are apriori independent. Let w(3) and 7(7) be the prior
densities of B and 7 respectively. Thus, the joint posterior density of (3, 7) is

1
(B, Tly) = @L(ﬁ,‘rly)ﬂ(ﬂ)ﬂ(f), (4)

where

cw)= [ | L@ rlym(@)n(riapar.

is the marginal density of y. Since the likelihood function L(3, T|y) is not avail-
able in closed form, the posterior density is intractable for any choice of the
prior distributions of 3 and 7. In this article, we consider an improper flat prior
for 8, that is, 7(8) o 1 and 7,’s, j = 1,...,r, are apriori independent with

7(7;) e_mefj_17 (5)
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which can be proper or improper. In section 2, we discuss conditions under which
the posterior density (4) is proper, that is ¢(y) < co. Generally, Markov chain
Monte Carlo (MCMC) algorithms are used for exploring the posterior density
(4).

Even in the absence of random effects, for the probit regression model, the
posterior distribution of 3 is difficult to sample from (Roy and Hobert, 2007).
Albert and Chib’s (1993) MCMC algorithm for sampling from the posterior
distribution associated with the probit regression model is the most widely used
data augmentation (DA) algorithm. The DA technique used in Albert and Chib
(1993) can also be applied to the probit linear mixed model. Following Albert
and Chib (1993), let v; € R be the continuous latent variable corresponding to
the ith binary observation Y;, such that Y; = I(v; > 0), where v;|8,u, T )
N(zI'B+zlu, 1) fori=1,...,n. Then

P(Y; =1) = P(v; > 0) = ®(z] B+ 2] u), (6)

that is, Y;|8, u, T ind Bern(q;) as in (2). Note that v|3,u, 7 ~ N(XB+ Zu, I,,),
where v = (v1,...,v,)T, Xoxp = (@1,...,2,)T and Zwy = (21,...,2,)7.
Using the latent variables v, we can introduce a joint density m(3, u, v, T|y)

(see section 3 for details) such that

[ w8 rly)ivdu = =(8.7ly). @

where 7(3, T|y) is the posterior density defined in (4). If all the full conditionals
of the joint density 7 (3, u, v, T|y) are easy to sample from, then a Gibbs sampler
can be run and it can be used to make inferences on the posterior density (4).
Indeed this full Gibbs sampler is traditionally used in the analysis of Bayesian
probit linear mixed models (Baragatti, 2011). In this article, instead of using
full conditional distributions, we construct a two-block Gibbs sampler with n =
(BT, uT)T as one block and (vT,77)T as the other block — which is our first
contribution. In general, block Gibbs samplers are known to be better than the
Gibbs samplers based on full conditional distributions in terms of having smaller
operator norm (Liu, Wong and Kong, 1994).

The above mentioned block Gibbs sampler has an everywhere strictly positive
Markov transition density, implying that the underlying Markov chain is Harris
ergodic (Asmussen and Glynn, 2011; Meyn and Tweedie, 1993). Thus, the time
average estimators based on the block Gibbs sampler can be used to consistently
estimate the (posterior) means with respect to the joint density = (3, u, v, T|y).
In practice, it is crucial to know whether the Monte Carlo errors associated with
these estimates are sufficiently small. However, in order to provide valid standard
errors, we need to establish a central limit theorem (CLT) for the time average
estimators. Unlike for the ordinary Monte Carlo methods based on iid samples,
mere existence of the finite second moment does not guarantee a CLT for MCMC
estimators. One standard method of establishing a CLT for MCMC estimators
is to prove that the underlying Markov chain is geometrically ergodic (Jones and
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Hobert, 2001). Geometric ergodicity is also needed for consistently estimating
the asymptotic variance in the Markov chain CLT (Flegal and Jones, 2010).
Roy and Hobert (2007) and Chakraborty and Khare (2017) proved geometric
ergodicity of Albert and Chib’s (1993) DA algorithm for the Bayesian probit
regression model under improper and proper priors on the regression coefficients.
For linear models, Jones and Hobert (2004) and Tan and Hobert (2009) analyzed
the Gibbs sampler for one-way random effects models under proper priors and
improper priors respectively. Johnson and Jones (2010) analyzed the block Gibbs
sampler for Bayesian linear mixed models under the assumption X7Z = 0.
Romén and Hobert (2012) and Romédn and Hobert (2015) established geometric
rate of convergence of the Gibbs samplers for Bayesian linear mixed models
under improper and proper priors without the assumption of X7Z = 0. Our
second contribution, in this paper, is establishing geometric convergence rates
for the block Gibbs sampler for Bayesian probit linear mixed models under
improper priors.

DA algorithms are known to suffer from slow convergence (Meng and Van Dyk,
1999; Van Dyk and Meng, 2001). Liu and Wu (1999) proposed the parameter
expansion for data augmentation (PX-DA) algorithm, which can converge faster
than the DA algorithm without much extra computational effort (Van Dyk and
Meng, 2001; Roy, 2014). Hobert and Marchev (2008) proved that the Haar
PX-DA algorithm, that is based on a Haar measure, is better than any other
PX-DA algorithm and the original DA algorithm in both the efficiency order-
ing and the operator norm ordering. For the probit regression model, Roy and
Hobert (2007), through an example, showed that the Haar PX-DA algorithm
can lead to huge gains in efficiency over the DA algorithm of Albert and Chib
(1993). Our third contribution is to construct a Haar PX-DA algorithm improv-
ing the block Gibbs sampler mentioned before. Since geometric ergodicity of the
Haar PX-DA algorithm follows from geometric ergodicity of the DA algorithm
(Hobert and Marchev, 2008), we have CLTs for the Haar PX-DA algorithm
based estimators as well.

The article is organized as follows. In section 2, we establish conditions for
propriety of the posterior distribution (4) under improper priors, when X and
Z take commonly observed forms. The results in section 2 hold for a general link
function, not necessarily the probit link. In section 3, we construct the two-block
Gibbs sampler for the Bayesian probit linear mixed model under improper pri-
ors. In section 4, we prove geometric ergodicity of the underlying Markov chain.
In section 5, we present a corresponding Haar PX-DA algorithm. Section 6 con-
tains some conclusions and discussions. Finally, the proofs of posterior propriety
and geometric convergence of the Gibbs sampler appear in the appendices.

2. Propriety of posterior distributions

In this section, we discuss conditions under which the posterior density (4) is
proper. The results in this section hold for GLMMs with a general link function.
Let F(-) be a cumulative distribution function, and consider the link function
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F~1(.). Thus instead of the probit linear mixed model in (1), in this section we
consider a GLMM with

P(Y, = 1) = F(a! B + =l u). (8)

Posterior propriety for Bayesian GLMMs under improper priors has been dis-
cussed in Chen, Shao and Xu (2002). We will first describe Chen, Shao and Xu’s
(2002) conditions. Then we will show, through examples, that these conditions
often do not hold in practice. Finally, our conditions for posterior propriety will
be presented.

Let ¢; = 1if y; = 0and ¢, = —1if y; = 1 for i = 1,...,n. Suppose
W;X(m_q) is a matrix whose ith row is ¢;(z7,2]). In the special case when
b; = 0, that is, when 7; has the power prior 7(7;) T;»lj_l for j =1,...,7,

a straightforward extension of Chen, Shao and Xu’s (2002) Theorem 4.2 shows
that the corresponding posterior distribution is proper if the following conditions
hold:

(A1) W = (X, Z) is a full rank matrix;

(A2) There exists an n x 1 positive vector e > 0 such that e W* =0
(A3) 2a;+¢q; >0for j=1,2,...,7;
(Ad)
(A5)

)

a; <0forj=1,...,r;

Roy and Hobert (2007) provided a simple method for checking the condition A2
using publicly available softwares.

The condition A1l assumes that W is a full rank matrix. Unfortunately, when
Z is a design matrix with elements 1’s and 0’s, which is pretty common in
practice, this assumption may not hold. For example, we consider the following
important generalized two-way random effects model

FYP(Yy=1) =B+ + 7, (9)

for i = 1,2,...,n1, 7 = 1,2,...,n9. Here, the «;’s are ii.d N(0,1/7), and
the 7;’s are i.i.d N(0,1/72). There are total n = n; x ny observations, and we
order them as Y = (Y11,..+, Yings- -+ Yni1s .-+ Ynin, ). In this example, p = 1,
and X = 1, is an n X 1 column vector of ones. Also, there are r = 2 random
effects with ¢1 = n1, ¢ = n2, ¢ = ¢1 + g2 = n1 + ne, and Z = (Z;, Z3), where
Z, =1, ®1,, and Zy, =1,, ® I, with ® denoting the Kronecker product. It
can be checked that the rank of W = (X, Z) is ny + ng — 1. Thus W is not a
full rank matrix.

We now provide Theorem 1 showing the posterior propriety without the as-
sumption Al. We also consider the more general prior 7(7;) given in (5), that is,
b; may not be zero. We use certain transformations of the regression parameters
B and random effects u to circumvent the problem with non-full rank matrix
W. Assume that the first column of X is a vector of 1’s corresponding to an
intercept term By in B8 = (Bo, B1,---,Bp-1)T. Let Z = (Z,...,Z,), where Z;
is an n x g; matrix such that the (ik)th element is 1 if the observation i is
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observed at the kth level of the random effect u; = (ujl, e ujqj)T, 0 other-
wise, for i = 1,...,n, k =1,...,¢; and j = 1,...,r. Consider the following
transformations,
T
po = Bo+ > uj, (10)
j=1
dj = Uj7k+1—Ujl,fOI'k:1,...,qj'—1,j:1,...77’. (11)

Thus g is the sum of the intercept term and the first level effect of all » random
effects. Also the (transformed) random effects d;’s denote the differences of the
random effects compared to the first level effect. ~
Let ﬁ = (,uo, ﬁl,, [N 76;0—1’ dlla ey dl,ql—h ve d,«l, [N ,dr7qT_1)T. Define Z =
(Z1,...,2Z,), where the n x (¢; — 1) matrix Z; is Z; without its first column.

Thus, the vector W1 is the same as the vector W), where W = (X7 Z) with

ith row w]. Let W* be a matrix whose ith row is w;T

where 27 is the ith row of Z.
For the example (9), the transformed parameters jo and d;;’s become

= cw! = ¢;(xT, 2],

i %%

po = BHoar+m,
dip = a1 —apfork=1,...,n; —1,
dgk = ’yk+1—’ylfork:1,...,n2—1.
Thus in this example, we have ‘f[ = (ILLQ, dlla ey dl,n1—17 d21, ceay d27n2_1)T. Also

note that W is a full rank matrix in this example, although W is not.

Theorem 1. Assume the following conditions hold,

(B1) aj <b;=0,q; >2o0rb; >0 forj=1,...,r;

(B2) 2a; +q; — 1 >0 forj=1,...,7;

(B3) W s a full rank matriz; 5

(B4) There exists an n x 1 positive vector € > 0 such that e’ W* = 0.

(B5) E|6|PTt < oo, where t = Z;Zl[—2ajl(bj =0)+ (¢ — 1)I(b; > 0)], and
0~ F.
Then the joint posterior density (4) corresponding to the GLMM (8) is
proper, i.e,

[ [ [ T s sra) - (@as 2w ™
LIREIRY =y

Y g 1
. H ;7 el exp |:Tj <bj + §u?u7>] dBdudT < co. (12)

j=1
A proof of Theorem 1 is given in Appendix A.

Remark 1. When the probit link is considered, that is F(-) = ®(-), the mo-
ment condition B5 holds automatically. Thus, for probit linear mized models,
the posterior density (4) is proper under Bl — BJ.



4418 X. Wang and V. Roy

3. A two-block Gibbs sampler
We begin with deriving the joint density (8, u,v,T|y) mentioned in the in-

troduction. Define the joint posterior density (up to a normalizing constant) of
B,u,v, T, if it exists, as

W(,@,u,v,ﬂy) X Hexp{_% (vi - w?/@ - Z;EF’U,)2}
i=1

% T o0y (@0)]" [L(—so0) (@i)]
1=1
T ﬂ+a>71 u?ug

<[ exp {7 bi+ =5 (13)
Jj=1

From (3) and (6) it follows that (7) holds. In section 2, we discussed conditions
under which the posterior density (8, T|y) given in (4) and hence the joint
posterior density (13) is proper. Note that, these posterior densities are proper
if and only if ¢(y) < oco.

Standard calculations show that the conditional density of 7 is

nfo.79) ocexp |~ (0 = W) (0~ W) -exp |~ Dirya] . (19

Thus,
77|1777'»y ~ Np+q (EilWT/Ua 271) ) (15)
where ’ .
X' X X'z
x= ( Z'X 777+ D(r) ) (16)

Similarly, the conditional density of (v, 7) is

n

(v, TIn,y) H¢ (vi —w!m;0,1) [1(0,00) (Uz)]y [1(—o0,0] ('Uz')]liyi

i=1
- %+a]~71 b 1 T
X H 7 exp |—7; | 0; + iuj u; ||,
j=1
where w! is the ith row of W for i = 1,...,n. Thus, conditional on (n,y), v;,
t=1,...,n and T are independent. We have
ind T .
viln,y '~ TN(w; n,1,y;), i =1,...,n, (17)

where TN(y, 0%, w) denotes the distribution of the normal random variable with
mean p and variance o2, that is truncated to have only positive values if w = 1,
and only nonpositive values if w = 0. Also conditional on n,y, 7;’s are indepen-
dent with 7; ~ Gamma (aj +q;/2,b; + ujTuj/Q) forj=1,...,r.
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Thus, one single iteration of the block Gibbs sampler {5 v(™) 7(m)1ec
has the following two steps:

Algorithm 1 The (m + 1)st iteration of the two-block Gibbs sampler

1: Draw T(m+1) ind
’ J

Gamma <a] +q;/2,b; +u(m>T (m)/2> for j = 1,...,r, and indepen-
dently draw v(m+1) ind TN(w? M 1y),i=1,...,n

2: Draw 7™t ~ Npig ([E(m“'l)} -t WTU(””'l), [Z(m+D)] 71), where 3(m+1) is evalu-
ated at T(m+1),

4. Geometric ergodicity of the block Gibbs sampler

In this section, we establish the geometric rate of convergence of the block Gibbs
sampler {n(m), (™), T(m)}?nozo. Since it is a two-block Gibbs sampler, it has the
same rate of convergence as the n-marginal Markov chain {5(™)}2°_, (Roberts
and Rosenthal, 2001). Below we analyze this ¥ = {n(™}°_, chain.

Let ' be the current state and 1 be the next state of the Markov chain ¥,
then the Markov transition density (Mtd) of ¥ is

k(n|77')=/]R / n(nlv, 7, y)r(v, 7|0, y)dvdr, (18)
T

where 7(+|-, y)’s are the conditional densities from section 3. Routine calculations
show that k(n|n’) is reversible and thus is invariant with respect to the marginal
density of 7 denoted as w(n|y) = fR, Jgn 7(n,v, T|y)dvdT. Let h : RPT? — R be

a real Valued functlon Suppose our 1nterest is to estimate the (posterior) mean
E(h = [opra M(M)T(N|y)dn. Since k(n|n’) is strictly positive, the Markov
cham \Il is HaI‘I‘lb ergodlc (Meyn and Tweedie, 1993). Thus if E(|h(n)||ly) < oo,
then E(h(n)|y) can be consistently estimated by

1 m—
m 30
As mentioned in the introduction, in order to provide an asymptotically valid

confidence interval for E(h(n)|y) based on h,,, we need to establish a CLT for
Ry. We say a CLT exists for h,, if there exists a constant o7 € (0, o0) such that,

Vi (B — E(h(m)|y)) % N (0,07) as m — oo (19)

If (19) holds, and a consistent estimator 67 of o} is available, then the stan-
dard errors &p,/+4/m can be used to provide an asymptotic confidence interval
for E(h(n)|y) (Roy and Hobert, 2007). Unfortunately, Harris ergodicity of ¥
does not guarantee (19), although it ensures consistency of h,,. One method of
proving (19) is to establish the geometric rate of convergence for the Markov
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chain ¥ (Jones and Hobert, 2001). Geometric ergodicity of ¥ also allows for
consistent estimation of U}% using batch means or spectral variance methods
(Flegal and Jones, 2010).

Let % denote the Borel o-algebra of RP*¢ and K (-, -) be the Markov transition
function corresponding to the Mtd k(-,-) in (18), that is, for any set O € 4%,
n' € RPT and any j =0,1,...,

K(n',0) =Pr(n"t) e Oln) =) = / k(nln’)dn. (20)
(0]

Then the m-step Markov transition function is K™(n/,0) = Pr(n(m+7) ¢
O|nY) = n'). Let II(-|y) be the probability measure with density m(n|y). The
Markov chain ¥ is geometrically ergodic if there exists a constant 0 < t < 1
and a function J : RPT4 — RY such that for any nn € RPT4,

K™ 1,7) =)y = sup [K™(31,0) = T(Oly)| < )™, (21)

Harris ergodicity of W implies that ||[K™(n, ) — II(-|y)|lrv 4 0 as m — oo,
while (21) guarantees its exponential rate of convergence. Roberts and Rosenthal
(1997) showed that since W is reversible, if (21) holds then there exists a CLT,
that is (19) holds, for all h with E(h%(n)|y) < oo.

In section 2, we provided two sets of conditions for posterior propriety. While
the first set of conditions (A1 — A5) holds in the special case b; = 0 for all j =
1,...,r, Theorem 1 holds for the general prior 7(7;) given in (5). In Theorems 2
and 3, we provide conditions under which the Markov chain ¥ is geometrically
ergodic, that is, (21) holds. Here we consider the general form of the prior
distribution of 7; as given in (5). Thus the parameters b;’s are not assumed to
be zero. Since geometric ergodicity implies posterior propriety, Theorem 2 also
provides conditions for posterior propriety for the probit linear mixed models
in the general case when b; # 0.

Theorem 2. The Markov chain underlying the block Gibbs sampler is geomet-
rically ergodic if the following conditions hold:

(1) aj<bj:0 07”bj>0f07’j:1,...,7','
(2) (A1)~ (A3) hold.

A proof of Theorem 2 is given in the Appendix C. Theorem 3 shows geo-
metric convergence of the Markov chain underlying the Gibbs sampler given in
Algorithm 1 without the assumption Al.

Theorem 3. The block Gibbs sampler is geometrically ergodic under the fol-
lowing conditions:

(1) (B1) — (B4) hold;
(2) There exists an s € (0,1] N (0, 8) such that

T

I'(q; a; — S s
277 gj(éj/;r]aj) ) [tr (Rj (I = Pzr(1-pyyz) Bj)] <1, (22)

=1
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where § = min{a1 + ¢1/2,...,a, + ¢,/2}, R; is a q; X ¢ matriz with 0’s
and 1’s such that Rju = w; and Pzr(1_py)z is the projection matriz on
the column space of Z* (I — Px) Z.

A proof of Theorem 3 is given in Appendix D.

Remark 2. The extra condition (2) in Theorem 3 compared to Theorem 2 is
due to the lack of the full rank assumption of W, and the need to include an
extra term in the drift function used to prove Theorem 3. This condition is also
used in Romdn and Hobert (2012), who provide some discussions on this. The
left-hand side of (22) can be evaluated at values of s on a fine grid in the interval
(0,1]n(0, 3) to numerically check the condition. Note that, R; is the matric that
extracts w; out of w. Thus when r > 1, tr (Rj (I — PZT(I,pX)Z) Rf) is the
sum of the q; diagonal elements of I — Pzr1_py)z corresponding to the jth
random effect.

5. A Haar PX-DA algorithm

As mentioned in section 1, DA algorithms often suffer from slow convergence
and high autocorrelations. Liu and Wu (1999) proposed parameter expansion for
data augmentation (PX-DA) algorithms for speeding up the convergence of DA
algorithms. Hobert and Marchev (2008) compared the performance of PX-DA
algorithms based on a Haar measure (called Haar PX-DA algorithms) with PX-
DA algorithms based on a probability measure and DA algorithms. In particular,
they showed that, under some mild conditions, the Haar PX-DA algorithms are
better than the general PX-DA algorithms and the DA algorithms in both the
efficiency ordering and the operator norm ordering. As shown in Hobert and
Marchev (2008), compared to the DA algorithm, in PX-DA, an extra step is
added (sandwiched) between the two steps of the original DA algorithm. In
order to construct this extra step, we derive the marginal density

(v, Tly) = ]Q N 7(n,v,T|y)dn (23)

N vi 1-y; Y+a; _pr;
x [10,00) (0)]" [L(coooy (@) " [ 7,2 @™
=1

[ Jj=1

1
1272 exp {—ivTMlv} )

where M; =T — WX 1wT,

Let Z denote the subset of R™ where v lives, that is, Z is the Cartesian prod-
uct of n half (positive or nonpositive) lines, where the ith component is (0, co) (if
y; = 1) or (—o0,0] (if y; = 0). Let G be the unimodular multiplicative group on
R with Haar measure v(dg) = dg/g, where dg is the Lebesgue measure on R .
For constructing an efficient extra step, as in Roy (2014), we let the group G act
on Z x R through a group action T'(v,T) = (9v,T) = (gv1,9v2,...,g0n, T).
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With the group action defined this way, it can be shown that the Lebesgue mea-
sure on Z X R, is relatively left invariant with multiplier x(g) = g™ (Roy, 2014;
Hobert and Marchev, 2008). Following Hobert and Marchev (2008), consider a
probability density function ¥(g) on G where

_ 1
9 (g)dg x 7 (gv, T|y) x (9) v(dg) x g" Lexp {—§QQUTM1U} dg. (24)

Since propriety of the posterior density (13) implies that 7(v, T|y) is a valid
density, v Mjv can be zero only on a set of measure 0 (in v). Thus given
(v,7), ¥ (g) is a valid density. From Hobert and Marchev (2008), it follows that
the transition (v,7) — (v, 7) = T(v,7T) = (gv, ) where g ~ 9(g), is reversible
with respect to 7(v, T|y) defined in (23). Given ("), below are the three steps
involved in the (m + 1)st iteration of the Haar PX-DA algorithm to move to the
new state n("t1,

Algorithm 2 The (m + 1)st iteration of the Haar PX-DA algorithm

1: 7 ~ Gamma <a]- +q;/2,b5 + u;.m)Tu;-m)/Q), for j = 1,...,r and independently draw

viln™, y B TN(wI (™, 1,y;) fori=1,...,n.
2: Draw g2 from Gamma(n/2,vT Myv/2).
3: Set v} = guv; and let v’ = (vf,...,v},)T. Draw

D~ Npsq (B ()7 W, 2 (1) 7).

The Mtd of the above Haar PX-DA algorithm can be written as
k* (n|n') = / / / 7 (', 7,9)Q (v,dv') 7 (v, 7|0, y) dvdrdv’, (25)
n 7‘+ n

where Q(-,-) is the Markov transition function corresponding to the move
(v,7) = (v/,7) = T(v,7). Let K* and K be the Markov operators associ-
ated with the Mtds k* and k defined in (25) and (18) respectively. From Hobert
and Marchev (2008), we have |K*|op < ||K|op, where ||K|op denotes the
norm of the operator K (see also Roy, 2012a). Since the block Gibbs sampler is
geometrically ergodic, we have ||[K*|lop < |[[K|lop < 1 (Roberts and Rosenthal,
1997). Thus we have the following corollary.

Corollary 1. Under the conditions of Theorem 2 or Theorem 3, the Markov
chain underlying the Haar PX-DA algorithm described in Algorithm 2 is geo-
metrically ergodic.

The extra step of Algorithm 2 is a single draw from the univariate density
9¥(g), which is easy to sample from. Thus, the computational burden, per itera-
tion, for the Haar PX-DA algorithm is similar to that of the block Gibbs sampler
described in section 3. Two other Haar PX-DA algorithms can be constructed
by using group actions T3 (v,7) = (v,g97) and Th(v,T) = (gv, g7). However,
the corresponding ¥(g)’s are not easy to sample from, thus we do not consider
them here.
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6. Discussion

We develop a two-block Gibbs sampler for the Bayesian probit linear mixed
models under improper priors. The block Gibbs algorithm samples the fixed
effects and the random effects jointly. We prove the geometric ergodicity of
the two-block Gibbs sampler, which guarantees the existence of central limit
theorems for MCMC estimators under a finite second moment condition. We
also propose a corresponding Haar PX-DA algorithm. The Haar PX-DA algo-
rithm not only improves the efficiency of the Gibbs sampler, but also inherits
its geometric convergence properties. We provide easily verifiable conditions for
posterior propriety of Bayesian GLMMs.

Another popular link function is the logit link function. Polson, Scott and
Windle (2013) proposed a DA algorithm for the logistic regression model. Choi
and Hobert (2013) proved the uniform ergodicity of this DA algorithm under
normal priors on the regression coefficients. Wang and Roy (2018) prove that the
DA algorithm under the flat prior on the regression parameters is geometrically
ergodic. As mentioned in Polson, Scott and Windle (2013), their DA algorithm
can be extended to the logistic linear mixed model. However, the convergence
properties of the corresponding Markov chain have not been studied, and can
be a topic for future research. Another future project can be deriving similar
extensions of the results in Roy (2012b) for proving geometric convergence of
Gibbs samplers for robit linear mixed models.

Appendices
A. Proof of Theorem 1

Proof Using the transformation (87, u™)” — (uy1,...,us1,H7)7, the integral
12) can be written as,

/Rm , / r / ATrray - r )™ o)
H l_% ( Us1 + ]z: jk: +uj1)2 + 2bj>] duyy - - - dup dTda,

where ; is defined in section 2. Let d; = Zj:_ll d;i. Then (26) becomes,

/ / H U i-F(w])] " (2m)?
Rp+a—r s
q;—1
— =L 5 ; _ pp—
qj 1/2TJJ+ ” exp [—% < E (dji — dj)2 + qjq_ CZ? + 2@)] drdn

k=1 J

j=1

:/Rmf,. ﬁ [F (w7)]" [1— F (@9)] " (2m)*

i=1
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9 yq.—1
qu” (q;/2 +a; —1/2)27% toi3

i=1
r /a1 F-ait3
: (Z (dji — dj)* + 2 1 2 +2bj> dn, (27)
=1 \ k=1 4
where ¢ is a constant depending on 7, ¢; and a;, j =1,...,7.
Let §;,7 = 1,...,n be n ii.d random variables with distribution function

F. Let 6" = (¢10q,.. .,cn5n)T, where ¢; = 1 — 2y; as defined in section 2. We
have B [1{c;@75 < ¢;6;}] = [F (@F7)]" [1 = F (@7)] ™", fori=1,...,n.
Thus

ﬁ [F(wTh)]" [1-F (@wln)] " =E [1 {W*f, < 5*}] . (29)

i=1

where W* is the n x (p + ¢) matrix whose ith row is ¢;wT .
Since conditions B3 and B4 are in force, according to Chen and Shao (2001)
(Lemma 4.1), there exists a constant g depending on W and y, such that

1 {W*f, < 5*} < 1{||A]l < o 6*||}. Recall that 5 = (10, B1, - - -+ Bp_1, i1, - - -,

dl,qlfl, PN 7dr17 N ,dr,qrfl)T = (ﬂo,ﬁl, ce ,5]971, dF{, ey dZﬂ)T7 where dj =
(dj1,---,djq,—1)" for j = 1,...,r. Thus from (27) and (28) it follows that
(26) is bounded above by

~: / {1l < @0 1613
Rp+qg—r

e ) ~¥-arth
T it tE ) w
k=1 J

< 2pfp1 E {5*’)

r

,_1 . 1 7770,3-4»%
N H(Z(djk—czj)er%q—jci?Jrij) ddy --- ,dd,
dj=1 1
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4G —15 TEets
< Y dj+2bj> ddl"‘addr ’ (29)

J

< PR E |67 / 11

Aq j=1

where Ag = {|djx| < oll0*|l,j=1,...,m, k=1,...q; —1}.
We consider two cases of condition B separately.
Case 1: a; < b; =0, ¢; > 2. If ¢; = 2, we have

aj -1
1
= (1+1)=-— < oo
2a; a;
For ¢; > 2, note that,
a—1 27— % —a;+3
/ > dj ddj,
|dj1|<1 k=1
aj 1
) a1 2 S -ajts; a1
T2 ¢ —2a Zdjk Zdjk
J J k=1 k=1
97 — 4 —a;+3

. 4—1 27— % —@jt3 a1
— -1+ dik -1+ dig
gi—1 97— % —aj+1
1 J
< 1+ djg

+ (—1 + i djk> . (30)
k=2

Ignoring the constant multiple, continuing integrating (30) with respect to
dja, ..., d;j 4,1 consecutively, we arrive at some linear combinations of terms

1
(ao +dj,q]'—1) ’ (31)

-1

qj q;j—1
——]—aj+ J

{(0‘0 + djvqj—l)q i
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where «g’s are constants. Since a; < 0, each of these terms in (31) is finite.

Then
95 1
1 -3 4t3
/ (qj—d? + bj) dd,
Aaj a;

=lgj (g5 — D] 7472 (o ||&*])) >

a1 27— —aj+3
: / > djn dd,;
{ldjr|<1,k=1,...,q; =1} b1
*||—2a;
<y 16772 , (32)

where Ag; = {|d;x] < @ol|6*|l,k=1,...q; — 1} and ¢y, is a finite positive con-
stant.
Case 2: b; > 0.

We have
,ﬁ,a,+l
qj_1—2 2 712 —ﬁ—a-—i-l
—dj + ij dd] < (2[)]) 2 J 2ddj
Adj QJ Adj
<(2by)~ T etEou Lol 59 < g[8 Y (33)

where 3; is a finite positive constant.
Using (32), (33), and condition B, it follows that (26) can be bounded above
by

2 gbor B (18717 T] {025 16717 105 = 0) + 03 1671 105 > 0) }

j=1

* 7»‘, *20,]'[ ijO §— Ib]‘ 0
=2gier [T ¢ [T wuy Bl |l Cmotumnie=ol]
j:b;=0 j:b;>0

<00. O

Remark 3. If¢; =1 and b; =0, (26) is oo since fR+ ijlj/2+aj—3/2d7_j — o, If

b; > 0, the posterior density (4) can be proper even when q; = 1.

B. Two Lemmas
In this section, we list some technical results. For 3 defined in (16), note that

51_ ( (XTX)"' +RS(r)"'RT —RS(r)" > (34)

—S(r)"'RT S(r)~t
with S(7) and R defined as

S(t)=Z" (I - Px)Z + D(7), and R = (XTx)’1 xTz (35)
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respectively, where

Py =X (XTX) x". (36)

Also the mean for the conditional distribution of 1 in (15) becomes
STy — [ (XTX) ' XT[I-2ZS8(r) 2" (I - Px)]v \

S(r)1ZT (I - Px)v

Let UTAU be the spectral decomposition of Z (I — Px) Z and let \;’s be
the diagonal elements of A. Then (Z7 (I — Px) Z)Jr = UTATU, where AT is
a diagonal matrix whose jth diagonal element is )\j =1/X;if A; #0, and 0

otherwise.

Lemma 1. For the matrices S(T) and Px defined in (35) and (36), the follow-
ing inequalities hold for all T; e Ry, j=1,...,7:
_ + T
1S = (Z2T (I = Px) Z)" + 5 17 (I = Pzr—po)z)-
2. (RjS(‘r)’lRf)il = (Ap + 7)1y, where X, is the largest eigenvalue of
Z" (I — Px) Z and R; is a q; X ¢ matriz with 0’s and 1’s such that Rju =
;.

The proof of the above result is similar to that of Lemma 1 in Roman and
Hobert (2012) and we omit it.

Lemma 2. Let S(7) and Px be the two matrices as defined in (35) and (36).
Let 1= (I1,...,1,)" € R™. For any T € R’ , we have,

[S(r) 12" (I — Px)ll| <> il

i=1

where || - || denotes the Euclidean norm and ¢ is a finite number that depends
on W.

Proof. Let Zp = (I — Px) Z and zgi be the ith row of Zp. Then

1S(r)~1 27 (I — Px)1|| = H (252p + D(1)) " Z};lH

N (2%Zp + D(r)) " zpils

i=1

n n -1 n
= (Z Zprz by, + D(T)) zpili|| < Z i @i (7)),
i=1 i=1

k=1

< Z H (ZIZ::ZP + D(T))il zpil;
=1

where

@i (1) = 2z} | zPizpi + Z zprzpy + D(T) Zpi.

ke{l,...n}\{i}
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Note that for fixed i € {1,2...,n},

@ (1) = 2zp; | zPizp; + Z zprzby + D(T)
ke{1,...n}\{i}

-2
1 1
— I + I zZp;
Z;:l 1/7—.7 ! Z;‘:l 1/7—] q) ’
—2
n+q
< sup #] (tt] + ) wtkty + Y wtt] +uly| 4
LERYH ke{l,..n}\{i} k=n+1
= ¢7,
where ¢ = (1,02, ntq)s btk = zpp for k € {1,...,n}and for k = n+1,...,n+

q, define tj, to be a ¢ x 1 unit vector with 1 on the (k—n)th position, 0 elsewhere.
The inequality follows from the fact that 22:1 1/7; > 1/7;. By Lemma 3 in
Romdn and Hobert (2012), we know that ¢? is finite. Let ¢ = maxi<i<y, @i,
then

1S(r) 12" (I = Px)U| <Y [l <) |l 0
i=1 i=1

C. Proof of Theorem 2

The two-block Gibbs sampler {n(™), (v(™) +(™)}_ "in Algorithm 1 has the
same rate of convergence as its two marginal chains, namely, the n-chain and the
(v, T)-chain. Here we work with the n-chain, denoted as ¥ = {n(™}2°_ and
establish its geometric rate of convergence. Define A = {j € {1,...,7} : b; = 0}.
Recall that given 7, the conditional distribution of 7 is given by independent
Gamma(a; + q;/2,b; + u?uj/Z), j = 1,...,r, which is not defined when A
is not empty and n € N = {77 € RPTL T4 lluyll = 0}. Since N is a set of
measure zero, simulation of the Gibbs sampler is not affected by the fact that
7(7|n, y) is not defined on A/. But as mentioned in Romdn and Hobert (2012),
for a theoretical analysis of the n-chain, the Mtd of ¥ and hence 7 (7|n, y) must
be defined for all 1 € RPT4. Since A is a measure zero set, the Mtd of ¥ hence
7(7|n,y) can be defined arbitrarily on N. If A is not empty for all 5 € RPT4,
we define 7(7|n,y) as follows,
uTuj .

I, fo (m g g, +bj> ity ¢ A
[T- fo (15,1,1) ifneN
where fg stands for the density of a Gamma random variable.

We denote the {n(™1°_, Markov chain defined on RP*9\ A as ¥. The chain

¥ is Harris ergodic on RPN Our proof of geometric ergodicity of ¥ is
through that of ¥. The following proof establishes the geometric ergodicity of

™ (T, y) =

tez
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Proof. We prove the geometric ergodicity of ¥ by establishing a drift function,
which has the following form,

n 9 T e
V(n) = Z (] B+zlu)” + Z (wlu;) ", (37)
i=1 j=1
where ¢ € (0,1/2) is a positive constant determined later in the proof. Note
that, since the condition A1 is in force, V (1) : RPFTI\N — [0, 00) is unbounded
off compact sets. We show that for any n,n’ € RPTI\N, there exists p; € [0, 1)
and Ly > 0 such that

E[V (n)[n] <,mV(n')+ L. (38)
By Fubini’s theorem, we have
EV(m)n] = / V(n)k(nln') dn
Rp+a\N

/// V(nm)m(nlv,7,y) 7 (v, 70, y) dndrdv.
n 1 ]Rp+q\j\/

Thus, the expectation on the left hand side of (38) can be evaluated using
two steps. First, we calculate the expectation with respect to the conditional
distribution of i given v, 7 and y, that is E[V(n)|v, T, y].
From (34) and (35), we have WE"'W7T = Px + (I — Px) ZS(7)"1ZT(I -
Px). Also (I — Px) = (I — Px)*. Let P = (I — Px) ZD(7)"'/2, then
(I — Px)ZS(T)"*Z" (I - Px)

=(I-Px)*ZS(T)"' 27 (I - Px)*
:(I—PX)P<15TP+I)71PT(I—PX) <1 Px.

Thus, WX 'WT < Px +1I — Px = I. Here “WX'W7T < I” means that
I -WXE'WT is a positive semidefinite matrix. From (15) and (16), it follows
that

n

S (@B +2u)’ v, T,y

i=1
=p+qg+oWE " Wlo <p+qg+vlo. (39)
According to Romédn and Hobert (2012), for ¢ € (0,1/2) we have
I'(gj/2—c¢)
I'(4;/2)
where ), is the largest eigenvalue of Z” (I — Px)Z. Using (39) and (40) from
(37), we have

E < E [nTZTNT»Uay]

E {(uruj)ic |'v,‘r,y] <27°¢

j Ao+ (40)

" T (¢;/2 - " T (g.:/2 —
E[V (n)|r,v,y] < vTv+27° (4;/ C)TJ¢+2‘C M/\Zﬂﬂrq.

= T(4/2) = T(4/2)
(41)
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Now we consider the expectation corresponding to the conditional distribu-
tion of v and 7 given ' and y. Using (10) from Roy and Hobert (2007), we
have

z?ﬁ'+z?u')¢(m?ﬁ’+z?u’)

1+ (af 8+ 2w +

ify; =1
(T B/ +2Tu! v
E(U12|"7, y) = mT ’ TI/ ’LT / T,/ .
’ i Btz u )z, Btz u :
1+ (2B + 2] u)? - ( 1_q>(w;‘r)5/(+zlru,) ) ify; =0
The above expectation can be written as,
*T 0/ *T 0/
w; w;
E(v?|n’,y):1+('w2‘T77’)2_ ( 2 n)(b( 7 n) (42)

e (wTy)

where w} = c;w! is the ith row of W* defined in section 2. Also,

T ATy (win')o(wi"n')
() ofwrty) |l

w;'n wi'n o (w ) if wTn' <0
L= (wiTe) 0 if w: Ty > 0
ug (u)
< sup |————| =E, (43)
u€(—o00,0] 1-9 (u)

where Z € (0, 00).
We use Ay, ..., Aon to denote all the subsets of N, = {1,2...,n}. Following
Roy and Hobert (2007), let

S;={n' e RPTN\ {0} :w/n' <Oforallic A; and w/n >0foralliec A;},

where A; is the complement of A;. As mentioned in Roy and Hobert (2007), the
sets S;’s are disjoint, U?:lSj = RP*9\{0} and some of the S;’s may be empty.
For j € C = {i € Nau : S; # 0}, define

* 2 * 2
H, () = ZiGAj (wi™n') _ ZieAj (w;Tn')

2 2 R
2?21 (wan/) ZiEAj (w;‘Tr,/) + ZiGA_j (w:TT//)

By (42), for n € S;, j € C, we have

s[Stw]
i=1
" ¥ /) ) (w’.*T'r”) (,wfkT,r’/) é (’UJ*T'I’]/)
:n+ w:‘Tn’ 2 _ (w’L n - 7 - i . i
- A5
£ S (w0 T (wiTn) ¢ (wiTn') |~ (wiTn') ¢ (wi'n')
=n + Z; (wi n ) + Z 1-& (,wfan/) Z 1— (UJ,*T’I’]/)
1= i€EA; 7 =y i

n
<n-+ Z (wan’)2 +n= — Z (w;‘Tn’)2
i=1 iGJ‘Ij
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n
=n (1 _|_ Z *T / ,
=1

where E is defined in (43) and the inequality is due to the fact that u¢ (u)/
[1 =@ (u)] > u? for u > 0. Define \; = sup,,cs, {H; (')} € [0,1] and

Ao = max ;.
jec

If n' =0, from (42), we have E [>7" ; vZ|n’,y] = n. Thus, for all n’ € RPT4,

zlz

E Zvﬂn’,y] <Y (@B +=2lu) 1+ E). (44)

i=1 i=1

Since conditions A1l and A2 are in force, using the techniques in Roy and Hobert
(2007), it can be shown that A\ < 1.
For ¢ € (0,1/2), define

20F(qj/2+aj +c)

Gi(=e) = T(g;/2 +ay)

forj=1,...,m (45)
Since 7;|n’,y ~ Gamma(a; + ¢;/2,b; + u’jTu;-/Z),

E [T;|u;,y} =27°Gj (—c) |b; +

T, ] ¢
U uj]

2
< G (=) [(25)" Tio.oe) (0) + (w7 w)) ™ oy (b)) . (46)

Recall that A = {j € {1,2,...,r} : b; = 0}. We consider two cases, namely,
when A is empty and A is not empty.

Case 1: A is not empty.

Then using (44) and (46), from (41) we have

n

EVmmM <) (@8 +2z u ') + 61 (C)Z(UQTU;) + Ly (c),

i=1 jeA
where
51(0) =2~ max Gy (e >% (47)
= = cyc QJ/2_C
Li(c)=n(1+E)+p+qg+2” AZ:I (/9
+27°3 65 (- w(%j)‘c.

I"(g;/2)

J¢A
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By Romén and Hobert (2012), there exists ¢ € C; = (0,1/2)N(0, — max;je 4 a;)
such that d1(c) < 1. Thus, taking p; = max(Ao, d1(c)), and Ly = Ly(c), we have

EV(m)n]<pV(n)+ L.

Case 2: A is empty.
In this case, the conditional expectation of 77 can be bounded by a constant.
Indeed from (46) we have

E [rfuf,y] =27°G; (=0 |bj + —5—+

Thus when A is empty, we have

n

EV @) ] <o (@8 +2lu) + Li(e) < XV (1) + La(0).

=1

Hence in both cases, (38) holds. We now show that n-chain is a Feller chain
on RPTI\N| which means that K (n,0) is a lower semi-continuous function on
RPN for each fixed open set O. For a sequence {n,,} note that,

liminf K (1, 0) = liminf | k(n|n,)dn
m—r o0

m— 00 O

= liminf l/ / m(n|v, T, y)7 (v, T|Nm, y)dvdT | dn
o |/ry Jre

m—0o0
2// / m(n|v, 7, y) liminf 7 (v, 7|7, y)dvdrdn,
O 7‘+ n m—0o0

where the inequality follows from Fatou’s lemma. Recall that w(v,T|n,y) =
m(v|n, y)m(T|n,y). Note that, 7;|n’,y ~ Gamma(a; + ¢;/2,b; + w} u;/2) and
condition A3 holds. Thus, for all n’ € RPT?\N the conditional distribution of 7;
is a Gamma distribution with positive shape and scale parameters even if b; = 0.
Since both 7(v|n,y) and 7 (7|n,y) are continuous functions in n € RPTYON | if
Nm — N,

tmint K (1,,.0) = | [ [ wlnfo.ry)n(v.in.y)dvdrdn
o Jrr Jrn

m—o0

=K (n,0).

Thus by Meyn and Tweedie (1993)(chap. 15), (38) implies the Markov chain ¥
is geometrically ergodic.

Next, we need to show that the original Markov chain W is geometrically
ergodic. The techniques of Lemma 12 in Romdan (2012) can be applied here for
this purpose.

Let M and M be the Mtfs of ¥ and ¥ respectively. Also, let M™ and M™

be the corresponding m-step Mtfs, and X = RPT4, X = RPTI\N. Recall that A
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denotes the Borel o-algebra of RP+4. Since the Lebesgue measure of N is 0, for
any x € X and B € By = {XNA:Ac %}

M(x,B) = M(x,B).

Let p and i1 be the Lebesgue measures on X and X respectively. Then ¥
and ¥ are p-irreducible and fi-irreducible respectively. Also, p and fi are the
corresponding maximal irreducibility measures. These two Markov chains ¥
and ¥ are also aperiodic. According to Theorem 15.0.1 in Meyn and Tweedie
(1993), there exists a v-petite set C € By, pc < 1, Mc < oo, a number M (C)
such that 2(C) > 0 and

[M™(x,C) = M*>(C)| < Mcpg,

for all x € C. Since the set C is a v-petite set for )~(, v is a nontrivial measure on
By with,

> M™(x,B)a(m) > v(B)

for all x € C and B € By, where a(m) is a mass function on {0,1,2,...,}.
Since M™(x,B) = M™(x,B) for any x € X and B € Bg, we have M™(x,C) =
M™(x,C). So for all z € C

M™(x,C) = 51%(C)| < Mcpl.

Also, since u(N) = 0, we know that u(C) > 0. It can be checked that C is
also petite for the original Markov chain W. Thus from Theorem 15.0.1 of Meyn
and Tweedie (1993), it follows that W is geometrically ergodic. O

D. Proof of Theorem 3

Proof. As in Appendix C, we study the convergence properties of the n-chain.
Recall that N' = {n € RPFG T4 lluyll = 0}. When A is nonempty and n €
N, we define the conditional distribution of 7 given 1,y the same way as in
Appendix C.

Consider the following drift function on RPTI\N,

V(n) = O‘Z (] B+ zlru)2 + Z Gj(s) (u;‘-ruj)s + Z (u;‘ruj)ic .
i=1

=1 =1

where G(-) is defined in (45), a, s € S = (0,1]N (0, 3) for 5 defined in Theorem
3,and ¢ € C1 = (0,1/2) N (0, —max,c 4 a;) are positive constants to be chosen
later. Under the assumption B3, V(n) : RPTIO\N — [0,00) is unbounded off
compact sets (Since W is not a full rank matrix, the drift function considered
in the proof of Theorem 2 is no more unbounded off compact sets.). We need
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to show that for any n,n’ € RPTI\N/, there exists a constant ps € [0,1) and
Lo > 0 such that

EV (n)|n'] = E{E[V(n|v,7,y)]In",y} < p2V(0') + Lo. (48)

First, we calculate the expectation of V(n) with respect to the n conditional
distribution given v, 7 and y. Same calculations as in the proof of Theorem 2
(see (39)) show that,

n
FE lz (xiT,B—&—ziTu)Z'v,T,yl <p+qg+viv. (49)

i=1
For s € (0,1], by Jensen inequality,

S

E {(u]T »)S |'u,7-7y} <|[FE (u;‘ruﬂv,ﬂy)] .

Also, from (15) and (16) it follows that

(50)

E (uf ujlo.7,y) = tr (R;S(1) "' R;) + [E (Rjulo,7.9)]" [E (Rulv. 7.y)].
(51)
where R; is defined in Lemma 1. For the first part on the right hand side of
(51), we have

tr (R;S(r)'R)) = tr |[R; (27 (I - Px) Z)" RT}

+t7" [R (I PzT I— PX ZTlil
=¢&; Jr%‘ZTl_l, (52)
=1

where & = tr[R;(Z"(I — Px)Z)*R]] and ¢; = tr[R;(I — Pzr(1-py)z)R]]-
For the second part, we have

[E (Rjulv, 7, 9)]" [E (Rjulv, T,y)]
v (I-Px)ZS(r) 'R R;S(T)'Z" (I - Px)v
o' (I — Px) ZS(T)"'S(m)™'Z" (I — Px)v
:||S( )"LZT (I - Px) uH

< (@Z v1|> <o "ZUzv (53)

where the second inequality follows from Lemma 2 given in Appendix B. Com-
bining (52) and (53), from (51) we have

fj—l—ngTl + ¢ nZv

AA

[E (u ujlv, T y
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T n
—s ~2 2
SEHGY TSNy vl
=1 =1

Note that, if v2 < 1, then v?* < 1, and if v?* > 1, then v¥ < v2. So
vfs <1+ vf. Thus,

E (UJTUH’U,T,?J)]S << ZT[S + p*n? Zv +@*ntte + & (54)

Also recall from (40) that we also have,

B[(ufwy) fory] <2 T2 oo,

Combining (40) , (49), (50) and (54) from (48) we have

E[V(n)h}aTay] a+52 ZU +§3 Z

Jj=1
2—
+27 Z q]/ 7' ¢+ k(o s,0), (55)
— 3/2
where
02 (s) = %*n" Y G (s),
j=1
d3(s)=)» Gj(s)s;, and
j=1
_ - 2s 1+s s cyc qJ/Qic
Ri(as,0) =a(p+q) + Y Gj(s) ($n' " +&) +27°A Z T ()
j=1 j=1 J

Next we calculate the outer expectation in (48), that is, the expectation with
respect to the conditional distribution of v and 7 given 7’ and y.

When calculating the upper bound of E(3_;, v|n’,y), we need to take into
account the fact that W is not a full rank matrix in the current setting. But,
B3 v?n',y) can be written as,

Zv2|7l y] _n+z *T , _i (1111*7_177(1))(1(1 *nT)nl)'

=1

where w}’s are defined in section 2.

Since the condition B3 is in force, we know that W is a full rank matrix.
Then the same techniques (see (44)) as in the proof of Theorem 2 can be used
to show that there exists Ao € [0, 1) such that

B zvfw,y] <23 (@77 4n(1+3)

i=1 i=1
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=2 > (wln) +n(1+3)

=1
=20 (@78 + 2Tu)’ +n(1+5). (56)
i=1
For s € 5’, we have
wTu’\’ s
B0, y] =2°G; (s) (bﬂ' 5 J) < Gy () (uuj) +2°G; () b5 (57)

Also for ¢ € C4, as in (46), we have

E[rn',y] =27°G; (—¢)

< Gy (—0) [(205) Lo,00) (b5) + (wf )™ Ty (8)]

As in the proof of Theorem 2, we consider two cases, namely A is empty and
A is not empty.

Case 1: A is not empty.

Using (46), (56) and (57) from (55), we have

EV(n)n'] = aXe (1 + 527@> 3 (@B + =2Tu)

i=1

+ 05 (s) Z G, (s) (u;Tu;)s + 41 (¢) Z (u;-Tu;-)ic + Lo (a, 8,¢),
j=1 jeA
) (58)
where
Lo (a,8,¢) = K1 (a,8,¢) +n (1 + E) (a+ 62 (s)) + 63 (s) 2° ZGj (s) b3

Sy G, (o )

and 61 (c) is defined as in (47).

We know that for ¢ € C1, d1(c) < 1 as in Theorem 2. Since condition 2 of
Theorem 3 holds, we have d3(s) < 1. For a fixed s, Ag (1 + d2(s)/a) < 1 iff
a > Ad2(s)/(1 — Ag). So there exists a ps such that

p2 = pa(a, s,¢) = max {Ag (1 + d2(s)/),d3(s),01(c)} < 1

and Ly = La(a, s,¢) > 0 such that (48) holds.
Case 2: A is empty.
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In this case, the conditional expectation of 7 can be bounded by a constant.
Thus we have

E[V (n)n']=aX (1 + 52058)> 3 (@l + 2l

=1

+ 93 (s) Z G, (s) (u;Tu;)S + Ly (a,8,¢).

As in case 1, it follows that (48) holds.

Since n-chain is a Feller chain on RPT?\N, and V() is unbounded off com-
pact sets on RPTI\ N, the n-chain is geometrically ergodic on RPT9\N . Using the
same techniques as in Appendix C, it can be shown that the original {n(m)}ﬁzo
Markov chain defined on RP1 is also geometrically ergodic. O
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