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Abstract: We develop methodology and theory for a mean field varia-
tional Bayes approximation to a linear model with a spike and slab prior
on the regression coefficients. In particular we show how our method forces
a subset of regression coefficients to be numerically indistinguishable from
zero; under mild regularity conditions estimators based on our method con-
sistently estimate the model parameters with easily obtainable and (asymp-
totically) appropriately sized standard error estimates; and select the true
model at an exponential rate in the sample size. We also develop a practi-
cal method for simultaneously choosing reasonable initial parameter values
and tuning the main tuning parameter of our algorithms which is both
computationally efficient and empirically performs as well or better than
some popular variable selection approaches. Our method is also faster and
highly accurate when compared to MCMC.
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1. Introduction

Variable selection is one of the key problems in statistics as evidenced by papers
too numerous to mention all but a small subset. Major classes of model selection
approaches include criteria based procedures [1, 43, 59], penalized regression
[64, 17, 20] and Bayesian modeling approaches [7, 28, 38, 62]. Despite the amount
of research in the area there is yet no consensus on how to perform model
selection even in the simplest case of linear regression with more observations
than predictors. One of the key forces driving this research is model selection for
large scale problems where the number of candidate variables is large or where
the model is nonstandard in some way. Good overviews of the latest approaches
to model selection are [34, 19, 47, 9, 33].
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Bayesian model selection approaches have the advantage of being able to eas-
ily incorporate simultaneously many sources of variation, including prior knowl-
edge. However, care needs to be taken in specification of the priors. From a
computational perspective a careful choice of priors leads to closed form ex-
pressions for the marginal likelihood for a given model. Zellner’s g-prior for the
regression coefficients is usually used for this purpose [74]. The hyperparame-
ter g for Zellner’s g-prior also needs to be carefully specified in order to avoid
Bartlett’s paradox [4] or the information paradox [39]. For careful choices of prior
on g, closed form expressions are available for the marginal likelihood for a given
model (see for example 39; or 46). If the size of the model space is small then
all models can be enumerated and exact Bayesian inference can be performed,
otherwise Markov Chain Monte Carlo (MCMC) methods are employed. MCMC
for moderate to large scale problems can be computationally inefficient. For this
reason an enormous amount of effort has been put into developing MCMC and
similar stochastic search based methods which can be used to explore the model
space in a computationally efficient manner [51, 28, 52, 7, 38, 62].

Despite this research, MCMC can still be deemed to be too slow in practice
for sufficiently large scale problems. Further drawbacks to these methods include
sensitivity to prior choices, and for models with discrete random variables there
are no available diagnostics to determine whether the MCMC chain has either
converged or explored a sufficient proportion of highest posterior probability
models in the model space.

Recently Bayesian-like methods such as the empirical Bayes approach of [44,
45] and generalized fiducial inference [36] have also been proposed. The empirical
Bayes approach of [44] explores the space of models using MCMC and so can
still suffer the same aforementioned drawbacks. The approach of [36] uses a
combination of the sure independence screening (SIS) procedure of [18] and the
Lasso [64]. However, this can fail in situations when SIS fails (if the predictors
are sufficiently correlated) or the Lasso path does not contain the true model.

Mean field variational Bayes (VB) is a computationally efficient but approxi-
mate alternative to MCMC for Bayesian inference [5, 53]. While fair comparison
between MCMC and VB is difficult (for reasons discussed in Section 5.1), in gen-
eral VB is typically a much faster, deterministic alternative to stochastic search
algorithms. However, unlike MCMC, methods based on VB cannot achieve an
arbitrary accuracy in its estimation of the posterior distribution. Nevertheless,
VB has shown to be an effective approach to several practical problems includ-
ing document retrieval [35], functional magnetic resonance imaging [23, 50], and
cluster analysis for gene-expression data [63]. Furthermore, the speed of VB in
such settings gives it an advantage for exploratory data analysis where many
models are typically fit to gain some understanding of the data.

A criticism often leveled at VB methods is that they often fail to provide
reliable estimates of various inferential quantities, particularly posterior vari-
ances. Such criticism can be made on empirical [68, 11], or theoretical grounds
[71, 58]. However, as previously shown in [73] such criticism does not hold for VB
methods in general, at least in an asymptotic sense. Furthermore, variational
approximation has been shown to be useful in frequentist settings [26, 27].
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In this paper we consider a Bernoulli-Gaussian model to select regression
coefficients [see 60]. This entails using VB to approximate the posterior distri-
bution of indicator variables to select which variables are to be included in the
model. We consider this modification to be amongst the simplest such modifi-
cations to the standard Bayesian linear model (using conjugate priors) leading
to variable selection. Our main new contributions are as follows:

(i) We show how VB, for our chosen model, induces sparsity upon the regres-
sion coefficients;

(ii) We show, under mild assumptions, that our estimators for the model pa-
rameters are consistent with easily obtainable and asymptotically appro-
priately sized standard error estimates;

(iii) Under these same assumptions we prove that our VB method selects the
true model at an exponential rate in n; and

(iv) We develop a practical method for simultaneously choosing reasonable
initial parameter values and tuning the main tuning parameter of our
algorithms.

Contributions (i), (ii) and (iii) are the first results of their kind for VB ap-
proaches to model selection and suggest that our approach is promising and that
extensions to more complicated settings should enjoy similar properties. The VB
method used in (i) is standard. Result (ii) is in keeping with consistency results
of Bayesian inferential procedures [12]. However, as VB methods are inexact
these results are not applicable to VB-type approximations. Contribution (iii)
gives the rate of convergence, but only holds for the case where n > p and p
is fixed (but still possibly very large). For situations where p > n, our method
in (iv) is empirically competitive to other methods in the simulation settings
we considered. We believe that our approach will have the greatest impact for
cases where n > p, but where it is not computationally feasible to enumerate
all possible models using exact Bayesian approaches. Our empirical results also
suggest that this translates to at least some problems when p > n.

Most papers in the literature do not consider analysis of the rates of con-
vergence of model inclusion indicator variables, but instead consider the rate of
convergence for the probability that the true model dominates a given model
selection criteria. For example, [13, 44, 3], and [14] showed that the convergence
to the true model is power of p or at an exponential rate in logp, where the
number of variables p is allowed to grow exponentially in n. [49] is one excep-
tion who also showed that model inclusion indicator variables approach their
true values at an exponential rate with the sample size n and where again the
number of variables p is allowed to grow exponentially in n. However, all these
methods rely on a MCMC search over the parameter space and may suffer from
the drawbacks of MCMC, particularly for large scale problems.

We are by no means the first to consider model selection via the use of model
indicator variables within the context of variational approximation. Earlier pa-
pers which use either expectation maximization (which shares similarities with
VB) or VB include [32], [55], [40], [11], [67] and [57]. However, apart from [57],
there was no contribution to understand how sparsity was achieved and the
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later reference did not analyze the rates of convergence for their estimators.
Furthermore, each of these papers considered slightly different models and tun-
ing parameter selection approaches to those here.

Perhaps the most promising aspect of VB methodology in practice is the
potential to handle non-standard complications. Examples of the flexibility of
VB methods to handle such complications are contained in [42]. For example,
it is not difficult to extend the methodology developed here to handle responses
from elaborate distributions [68], missing data [16] or measurement error [54].
This contrasts with criteria based procedures, penalized regression and some
Bayesian procedures [for example 39, 46, where the models are chosen carefully
so that an exact expression for the marginal likelihood is obtainable]. For these
approaches their handling of such complications will have a large computational
overhead. Here we will consider the simple extension of our VB method from
using Gaussian errors to Laplace distributed errors to demonstrate the flexibility
of the approach.

The paper is organized as follows. Section 2 considers model selection for
a linear model using a spike and slab prior on the regression coefficients and
provides a motivating example from real data. Section 3 summarizes our main
results which are proved in Appendix A. Section 4 discusses initialization and
hyperparameter selection. Numerical examples are shown in Section 5 and illus-
trate the good empirical properties of our methods. We discuss our results and
conclude in Section 7.

2. Bayesian linear model selection

Suppose that we have observed data (y;,x;), 1 < i < n, and hypothesize that

ind. . . . .
yi ~ N(xIB,0?), 1 < i < n for some coefficients 3 and noise variance o2

where x; is p-vector of predictors. Using a binary mask, a Bayesian version of
the linear regression model with conjugate prior on o2 may be written as,

y|B,0%,v ~ N(XTB3,0%I), o* ~ Inverse-Gamma(A4, B),

1
Bj ~N(0,03) and ~; ~ Bernoulli(p), j =1,...,p, S

where X is a n x p design matrix whose ith row is x! (possibly including

an intercept), 8 = (B,... ,,BP)T is a p-vector of regression coefficients, T' =
diag(y1,...,7p), and Inverse-Gamma(A4, B) is the inverse Gamma distribution
with shape parameter A and scale parameter B. The parameters 0[23, A and B
are fixed prior hyperparameters, and p € (0,1) is also a hyperparameter which
controls sparsity. Contrasting with [57] we use p rather than cr% as a tuning
parameter to control sparsity. The selection of p (or O'% for that matter) is
particularly important and is a point which we will discuss later.

In the signal processing literature this is sometimes called the Bernoulli-
Gaussian [60] and is closely related to ¢y regularization (see 48, Section 13.2.2)
and the spike and slab prior [67]. [67] also considered what they call the Laplace-
zero model where the normal distributed slab in the spike and slab is replaced
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with a Laplace distribution. Using their naming convention this model might
also be called a normal-zero or Gaussian-zero model.

Note that the Bernoulli-Gaussian model is slightly different than the linear
model with spike and slab prior. The key difference is that if v; = 0 for the
Bernoulli-Gaussian model then S;ly,v; ~ N(0,0‘%). In contrast for the spike
and slab prior if 7; = 0 then j,y,~y; is a point mass at zero.

VB methodology is based on minimizing the Kullback-Leibler distance be-
tween the true posterior distribution and a factorized approximation to the pos-
terior. Let 8 be the set of all model parameters and d be a vector of data then
p(0]d) is approximated by ¢(0) = Hle qr(0x) where (01,...,0k) is a parti-
tion of . Then it can be shown that the optimal g, densities, called g-densities,
satisfy

Qk(ek) X eXp[E—qk(Gk){logp(da 0)}}7 (2)

where E_,, (g,) is the expectation with respect to all densities except qx(0y).
For any choice of the g-densities a lower bound for the marginal likelihood for

d can be obtained by
p(d, 0) H
logp(d) =E {10 { ,

where the underline is used to indicate the quantity is a lower bound. It can
be shown that updating ¢x via (2) for fixed values of the remaining g-densities
results in an increase in the lower bound logp(d). Cycling through the update
for each k results in a monotonic increase in log p(d). The resulting scheme
can be interpreted as a coordinate ascent method which, under mild regularity
conditions, will converge to a local maximizer of the lower bound [41].

Thus the VB approximation depends on the choice of factorization which
we will now discuss. A non-exhaustive list of choices for the factorization of
q(B,02,7) include:

(A) q(B,0%7) = (J(ﬂﬁ)g(UQ);
(B) ¢(B,0%,7) = q(0?) HQ(ﬁja'Yj); and

Jj=1

(C) q(B,0%~) = q(B)q(c?) H q(v5)-

We have dropped subscripts from the ¢’s for ease of reading.
Choice (A) leads to

q(B,7) o exp [/\lT'r - 38" (TFXTXFﬁ + 0521) B+ T,BTI"XTy} ,
where A = logit(p) = log(p/(1 — p)) and 7 = E,(1/0?). Hence

)
qBly) ~N(u(v),E(v)) and

a(v) < [ ¢(B,7)dB = Z()["exp M Ty + 1u(v)"S(v) ()]

(
)5

—=
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where 2(v) = (rTXTXTB + 05°1)~! and p(y) = Z(y)T'X y. It follows that
a(v) = f(9)/ X5eq0,130 F(¥), where 32 (g 13, is a combinatorial sum over all
2P possible values of 4. Then ¢(3) is a mixture of normals with 2P components
given by

aB) = > a() (B;n(v),=()),

~v€{0,1}7

where ¢(8; p, 3) is a multivariate Gaussian density with mean p and covariance
3. Calculating a combinatorial sum over 2P terms is not computationally feasible
for large p. If the sum were computationally feasible, exact Bayesian methods
such as those proposed by [39] or [46] would be feasible and there would be no
point in using VB. For this reason we do not pursue choice (A) here.

Choice (B) has been used by [11] who used spike and slab priors for the
regression coefficients. This choice is computationally feasible for large p but
underestimates the posterior variances for the regression coefficients. For this
reason we will not pursue this choice of approximation here.

Choice (C) does not involve a computational sum over 2P terms but will do
better job at estimating the posterior variances of the regression coefficients by
keeping all of the regression coeflicients in the same partition. The remainder of
the paper will explore this choice. For choice (C) the optimal ¢-densities are of
the form

g (B) isa N(u,X) density,
q*(0?) is a Inverse-Gamma(A + n/2,s) density
and ¢*(v;) is a Bernoulli(w;) density for j =1,...,p,

where a necessary (but not sufficient) condition for optimality is that the fol-
lowing system of equations hold:

W -1
T = [(X'X)0Q+0%] = (WX'XW+D) ', (3)
p = T(rWX'XW + D) WXy, (4)
1
s = B+; lyl? = 2y"XWp + tr {(XTX © Q)(up” +2)}]  (5)
2A+n

T = 2s (6)
no= A= 5+ 351X

+7 [ Xy = XTX Wi (i +3-55)] (7)

w; = expit(n;) (8)

where 1 < j < p, expit(z) = logit™!(z) = exp(x)/(1+exp(z)), w = (w1 ... w,)7T,
W = diag(w), 2 = ww’ + W(I — W), the symbol ® denotes the Hadamard
product between two matrices and D = 7(XTX) o W o (I- W) + 0521. Note
that D is a diagonal matrix. Algorithm 1 below describes an iterative process for
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finding parameters satisfying this system of equations via a coordinate ascent
scheme whose derivation can be found in Appendix A.

Note that we use the notation that for a general matrix A, A; is the jth
column of A, A_; is A with the jth column removed. We write A4;; to be
the value of the component corresponding to the ith row and jth column of
A, A; _; to be the vector corresponding to the ith row of A with the jth
component removed and similarly A_; ; to be the vector corresponding to the
jth column of A with the ith component removed. The w;’s can be interpreted
as an approximation to the posterior probability of v; = 1 given y, that is,
p(7; = 1]y). Using this, our data based decision for including the jth covariate
is w; and if w; > 0.5, say, we include the jth covariate in the model.

The VB approach gives rise to the lower bound

logp(y;p) > Z/ (8,02~ 1og{ (“)(’ﬁﬂ’ ;’;)}dﬁdaz = log p(y; p)

where the summation is interpreted as a combinatorial sum over all possible
binary configurations of «. At the bottom of Algorithm 1 the lower bound of
log p(y; p) simplifies to

logp(y;p) = p_zn 5 log(2m) — log(oé) + Alog(B) — logI'(A)
-HogF (A+2)— (A+ 2)log(s) + L log ||

-

—%tr (pp” +3) +

{wj log (%) + (1 —w,)log (f_‘jj)] .

Let log ]_)(t) (y; p) denote the value of the lower bound at iteration ¢. Algorithm 1
is terminated when the increase of the lower bound log-likelihood is negligible,
that is,

1

J

|1og p' (y; p) — log p!" " V(y; p)| < € 9)

where € is a small number. In our implementation we chose e = 1075, Note that
Algorithm 1 is only guaranteed to converge to a local maximizer of this lower
bound. For the n < p case Algorithm 1 is efficiently implemented by calculating
lyll?, XTy and XTX only once outside the main loop of the algorithm. Then
each iteration of the algorithm can be implemented with cost O(p®) and storage
O(p?).

To illustrate the effect of p on the sparsity of the VB method we consider the
prostate cancer dataset originating from a study by [61]. The data consists of
n = 97 samples with variables lcavol, lweight (log prostate weight), age, lbph (log
of benign prostate hyperplasia amount), svi (seminal vesicle invasion), lep (log
of capsular penetration), gleason (Gleason score), pggf5 (percent of Gleason
scores 4 or 5), and Ipsa (log of prostate specific antigen). [24] illustrate the
effect of tuning parameter selection for ridge regression and Lasso for a linear
response model using Ipsa as the response variable and the remaining variables
as predictors. We also consider the regularization paths produced by the SCAD



3556 J. T. Ormerod et al.

Algorithm 1 Iterative scheme to obtain optimal ¢*(0) for our model.

1: Input: (yaxvo—évAaBaTO:p7 W)

2: where y € R", X € R™?, 6% > 0, A >0, B > 0, 7” >0, p € (0,1) and
w e 0,1)7.

it 1 ; A+ logit(p)

4: Cycle:

5 WO « diagw®) ; QO « wOw®" L WO (1 - W)

6: =0 [T“’”(XTX) ®00 + agQI] T AR OWOXTy
. s« B+l [Hyn2 —2yTXWO ) 4 gy {(XTX © QW) (u®p®T 4 z(t))}]
8 7™« (A+n/2)/s

9

1

: w = [wi,...,wi] < w
0: Forj=1,...,p

2
o m A=) + 01X
+T(t>X]T [yu§t> - X,jdiag(w*_j)(u(j;,u;t) + E(j;])}
12: w} < expit(n;)
13wt —wr tt+1

14: until the increase of log;_)(y; p) is negligible.

penalty as implemented by the R package ncvreg [8]. These regularization paths
as a function of A are illustrated in Figure 1 where for our VB method the values
of p (which serve as point estimates for 3) .

From Figure 1 we make several observations about the VB estimates:

(A) the estimated components of 3 appear to be stepwise functions of A with
components being either zero or constant for various ranges of \; and

(B) large negative values of A tend to give rise to simpler models and positive
values tend to give rise to more complex models.

Note (A) holds only approximately but illustrates empirically the model selec-
tion properties of estimators obtained through Algorithm 1. This contrasts with
the Lasso and other penalized regression methods where the analogous penalty
parameter enforces shrinkage, and hence, bias for the estimates of non-zero co-
efficients. Observation (B) highlights that care is required for selecting p (or
equivalently \).

3. Theory

The properties of p, 3, 7 and {w; }1<;<p when the system of equations (3)—(8)
hold simultaneously are difficult to analyze. Instead we will analyze Algorithm
1 by examining the limiting properties of the estimators from one iteration to
the next. In Appendix B we will show, under certain assumptions, the following
two main results. The first result concerns the behavior of VB estimates when
particular w;’s are small.
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VB Ridge regression
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Fic 1. Top left panel: An illustration the final values of the components of p for multiple runs

of Algorithm 1 over a grid of A = logit(p) values where we have used w) = 1,7=1,...,p,
7 = 1000 and hyperparameters selected as described in Section 4 on the prostate cancer
dataset originating in [61]. Remaining panels: The regularization paths for Ridge, Lasso and
SCAD penalized regression fits.

Main Result 1 (Proof in Appendix B.1). Suppose that w](-t) <1,1<5,k<p.
Then for observed y and X the updates in Algorithm 1 satisfy

o2+ O(w") ifj=k

® = 0(1), O —ow®y, x® —
T =0, =0y 7k =\ O@wyuwy) = 0wy if £k,

1 .
and w§t+ ) expit [/\ — %T(t)||Xj||202 + O(wj(.t))} .

Lemma 1 (Proof in Appendix B). Let a be a real positive number, then the
quantities expit(—a) = exp(—a) + O(exp(—2a)) and expit(a) = 1 — exp(—a) +
O(exp(—2a)) as a — 0.

Remark: As a consequence of Main Result 1 and Lemma 1 we have that in

Algorithm 1, if w;t) is small, updated value w§t+1) is approximately equal to

exp(A — 7| X; H2c7/23/2). Thus, when 0/23 is sufficiently large, when implemented
(t+1)

on a computer, numerical underflow occurs and w; is represented on the
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computer as 0. This explains why Algorithm 1 provides sparse estimates of w
and 8. Furthermore, all successive values of w;T), T > t remain either small or
numerically zero and may be removed safely from the algorithm, reducing the

computational cost of the algorithm.

In order to establish various asymptotic properties in Main Result 2, we use
the following assumptions [which are similar to those used in 73] and treat y;
and x; as random quantities (only) in Main Result 2 and the proof of Main
Result 2 in Appendix B.2:

(A1) for 1 < i < n the yi|x; = x! B, + &; where g; and €; are independent if
i#j, E(e;) =0, Var(e;) = 02 and 0 < 03 < o0, B are the true values of
B and o? with B, being element-wise finite;

(A2) for 1 < i < n therandom variables x; € R? are independent and identically
distributed with p fixed;

(A3) the p x p matrix S = E(x;x/ ) is element-wise finite and X = [Xj, ..., X,]
where rank(X) = p; and

(A4) for 1 < i < n the random variables x; and ¢; are independent.

We view these as mild regularity conditions on the y;’s, £;’s and the distribution
of the covariates. Note that Assumption (A3) implicitly assumes that n > p. In
addition to these we will assume:

(A5) for 1 < j,k < p the Var(z;zy) < oo;
(A6) A\ =\, varies with n, p, = expit()\,,) and satisfies A\,,/n — 0 and np, — 0
as n — o0o.

Assumption (A5) will simplify later arguments, whereas Assumption (A6) is
necessary for our method to identify the true model.

We now define some notation to simplify later proofs. For an indicator vector
~ the square matrix W, (W_,) is the principal submatrix of W by distin-
guishing (removing) rows and columns specified in . The matrix D (D_,)
is defined in the same manner. The matrix X, (X_,) is the submatrix of X
by distinguishing (removing) columns specified in «. For example, suppose the
matrix X has 4 columns, v = (1,0,0,1)7 then X, is constructed using the first
and forth columns of X and W, is the submatrix of W consisting first and
forth rows, and first and forth columns of W. Similar notation, when indexing
through a vector of indices v, for example, if v = (1,4), then X is constructed
using the first and the forth column of X and Wy, is the submatrix of W con-
sisting of the first and forth rows, and the first and forth columns of W. We
rely on context to specify which notation is used. We denote Og(~) be a vector
where each entry is Op(-), Op'(+) to be a matrix where each entry is O,(-) and
0Y(-) be a diagonal matrix where diagonal elements are O,(-). We use similar
notation for o,(-) matrices and vectors.

Main Result 2 (Proof in Appendix B.2). If w(!) =1 and assumptions (A1)-
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(A5) hold then

1

-1
u® =8y +0p(n 1), = = —[E(xx!)]  +0p (02, (10)
= 00_2 + 0, (n71/2)

and for 1 < j < p we have

i 1 R(22)32. 1/2 1
w§'2) = expit (773('2)) = { eXP?t [)\" + 203E(x1)ﬁ03 +0p(n )} J = o (11)
expit [\, + Op(1)] 7 €Yo
If, in addition to the aforementioned assumptions, Assumption (A6) holds, then
fort =2 we have

v 2 v
p? =By, + 052, u?) < exp(A,1+0Y(logn)),

-1
@ {E(Xixr)] +om(n32), 22 _ —o214+E® (12)
Yo:Yo0

Yo0-Yo n ~Yo:—

and z§_7<emmyl+og<»

where E?) < exp(\,1 + O;'(logn)). For 1 < j <p we have

w§3) = expit (n§3))

B expit [)\n + %E(m?)ﬁgj + 0, (n1/2)} J €Yo,

expit | An — 7B ()} + Oy (07 + n expit0)] & 70
(13)

Fort > 2 we have
t I'L'Yo Bo Yo +OU( _1/2)
;LQYO < exp(ggoo 2smmaﬁl +Op(An + nl/z)),
t _ 90 ]! m(, —3/2
mh_;@@&mm+%m/% (14)
E(j’))‘o —Yo = U%I + E(t)
and E( ) yy S exp(—gao_gsmmagl + O;“()\n + n1/2))

where s,,,, = Minje_~ E(xj) and B < exp(—%a&%mnagl + O (A + nl/z)).
For 1 < j5 <p we have

wj(-tH) = expit (nj(-tﬂ))
expit [)\n + %E(l‘z)ﬁgj +0 (nl/z)} J € Yos (15)

expit [)\n N E( )05 + 0, ( 1/2)} J & Yo

Remark: This result suggests, under assumptions (A1)—(A6) and in light of
Lemma 1, that the vector w® in Algorithm 1 approaches v, at an exponential
rate in n. For example, if j¢vo, then

wj = expit [n{ 50] E( )+/\—+O (n —1/2)}1
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Since A, = o(n), the term inside the curly brackets is negative for sufficiently
large n. An application of Lemma 1 shows that w; — 0 at an exponential rate.

Remark: To get some further intuition about the stepwise shape of the VB
regularization path consider (4) and (7) when w = 1. In this case we can
rearrange (4) to obtain

X'y — Xp) = 05 p.

Substituting this expression after rearranging (7) we obtain

nj =AM+ %Tqulelz + uj;XjTQ(y ~Xp) - %TQEMIIXJT'M? —TX7X ;3
= A g X117 + 7p5 /o5 — 5785, 1% — X5 X 2

For large 0[23 the third term is small and p will be approximately equal to the
least squares estimate for 3. For large n, || X;||* and XjTX_j are Op(n), and
¥ = O,(n™1). In such circumstances 71; can be approximated by the dominant
terms
n~ A s | X1%.

When X is a sufficiently large negative constant the updated w; will be small.
Main Result 1 and Lemma 1 shows that for large o3 all successive values of w;
will be extremely small. If X is not sufficiently large then the term %TM?HX?‘P
is Op(n) and so the updated value of the w;s will be close to 1.

4. Hyperparameter selection and initialization

We will now briefly discuss selecting prior hyperparameters. We use A = B =
0.01, 0’% = 10 and initially set 7 = 1000. This leaves us to choose the parameter
p = expit(A) and the initial values for w. The theory in Section 3 and 4 suggests
that if we choose w = 1 and say A o« —/n and provided with enough data then
Algorithm 1 will select the correct model. However, in practice this is not an
effective strategy in general since Algorithm 1 may converge to a local minimum
(which means w should be carefully selected), all values of A satisfy Assumption
(A7) when n is fixed and we do not know how much data is sufficient for our
asymptotic results to guide the choice of .

To avoid local maxima problems, [57] used a deterministic annealing variant
of the EM algorithm proposed by [65] and it was proved to be successful in that
context. We instead employ a simpler stepwise procedure which initially “adds”
that variable j (by setting w; to 1 for some j) which maximizes the lower bound
log p(y; p) with p = expit(—0.5\/n). We then,

(I) For fixed w select the p; = expit();) which maximizes the lower bound
log p(y; pj) where A; is an equally spaced grid between —15 and 5 of 50
points.

(IT) Next, for each 1 < j < p, calculate the lower bound log p(y; p) when w;
is set to both 0 and 1. The value w; is set to the value which maximizes
log p(y; p) if this value exceeds the current largest log p(y; p).

(ITT) Return to (I). -



A wvariational Bayes approach to variable selection 3561

Algorithm 2 [terative scheme to tune p and select initial w for Algorithm 1

1: Input: (y,X,UZ,A, B,7) wherey e R", X e R"*P, A >0, B> 0, Ué > 0, weurr = 0 and
7>0

2: Set M = 100; P = 50; p = expit(—0.5y/n); L = —o0

3: For ¢ = 1,...,max(p, P)

4: Forj=1,...,p

5: L < logp(y;p) from Algorithm 1 with input (y,X, JE,A, B, 19, p,w;l))
6: k<« argmax;<;<,{Lj}; If Ly > L then set £ to £ and w to w,(cl)
7:Fori=1,..., M

8: Forj=1,...,J

9: Lj < logp(y; p;) from Algorithm 1 with input (v, X, a%, A,B,70,pj, W)
10: k<« argmax;<;<,{Lj}; If Ly > L then set £ to L and p to pg

11: Forj=1,...,p

12: Lo + logp(y; p) from Algorithm 1 with input (y, X,cr?a7 A, B, To,p,w§0))
13: L1 + logp(y; p) from Algorithm 1 with input (y, X,O‘%, A, B, To,p,w§1))
14: k < argmax;c g 13{L;}; If Lx > L then set £ to Ly and w to w;k)

15: If £ does not improve return output of Algorithm 1 with input (y, X, U%, A, B, 10, p, w)

This procedure is more specifically described in Algorithm 2. Note that in Algo-
rithm 2 we use the notation w'®) to denote the vector w with the jth element

J
set to k.

5. Numerical examples

In the following numerical examples we only consider simulated, but hopefully
sufficiently realistic, examples in order to reliably assess the empirical qualities of
different methods where truth is known. We start with situations where p = 41
and n = 80 and with p = 99 and n = 2118. These examples have n > p, but
where it is not compuationalyl feasible to enumerate all possible models. We
then look at two p > n examples with n = 500 and p = 1000 and with n = 600
and p = 7381. Our methods were implemented in R and all code was run on
the first author’s laptop computer (64 bit Windows 8 Intel i7-4930MX central
processing unit at 3GHz with 32GB of random access memory).

We use the mean square error (MSE) to measure the quality of the prediction
error, MSE = 1 3™ (X8, — X,Z‘])f The Fj-score [see 66] is used to assess the
quality of model selection defined to be the harmonic mean between precision

and recall

2 X precision X recall
=

precision + recall

where
TP TP

precision = TP+ PP and recall = TPLFN’

with TP, FFP and FN being the number of true positives, false positives and
false negatives respectively. Note that F} is a value between 0 and 1 and higher
values are being preferred. We use this measure avoid preference of the two
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boundary models, that is selecting non or all of the variables. The performance
of our VB approach is based on Algorithm 2. We compare the performance of our
VB method against the Lasso, SCAD and MCP penalized regression methods
as implemented by the R package ncureg [8]. We make use of the extended BIC
[15] to choose the tuning parameter A that minimizes

EBIC(\) = log(RSS,/n) + %\ [log(n) + 2log(p)],

where RSS, is the estimated residual sum of squares ||y — X3, |2, B, is the
estimated value of 3 for a particular value of A and dy is the number of non-
zero elements of 3,. [69] showed that this criterion performs well in several
contexts.

We also compared our method with the Expectation Maximization Variable
Selection approach (EMVS) of [57]. We used the settings that the convergence
parameter € equals 10~% and the initial value of 0% equals 1. The default initial
values for the regression parameters failed to converge when p is large, in such
a case we specified the initial values by screening down the non-zero coefficients
using Lasso, SCAD and MCP solution paths.

Finally, we compared our method with the Bayesian Model Selection (BMS)
method of [21, 22]. We used the settings that 105 samples were used for inference
after discarding a burn-in of 102, the hyper-g prior distribution was used with the
hyperparameter equal to 3 and same initial values for the regression parameters
as in the EMVS were used.

Note that for all of the simulations we center the simulated values of the
response and standardize the covariates for ease of comparison with EMVS and
BMS.

5.1. Comparison with MCMC for model (1)

Comparisons between VB and MCMC are fraught with difficulty. In terms of
computational cost per iteration VB has a similar cost to an MCMC scheme
based on Gibbs sampling. The later method has a slightly higher cost from draw-
ing samples from a set of full conditional distributions rather than calculating
approximations of them. The full conditionals corresponding to the model (1)
are given by

Blrest ~ N [(TXTXT +0%0;%1) ' X"y, 0* (TXTXT + 0%, 1) |
o?|rest ~ Inverse-Gamma [A + 2, B + 1|y — XT'8|]?]
vjlrest  ~ Bernoulli [A — 555 | X,[1?87 + 0728, X] (y - X_;T_;8_,)],
(16)
where 1 < j < p for v;|rest. Using these Gibbs sampling can be easily imple-
mented.
Despite the similarity between Algorithm 1 and (16) a fair comparison of
these methods is difficult since choices for when each of these methods are
stopped and what statistics are used to compare the outputs of each of the
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methods can unduly favor one method or the other. This MCMC scheme is
appropriate when determining the quality of the VB method for performing
Bayesian inference for model (1). We do this to compare the quality of the VB
via Algorithm 1 with its Gibbs sampling counterpart (16). However, to compare
model selection performance we use BMS.

Firstly, comparison is hampered by the difficultly to determine whether a
MCMC scheme has converged to its stationary distribution, or in the model
selection context, whether the MCMC scheme has explored a sufficient portion of
the model space. Furthermore, the number of samples required to make accurate
inferences may depend on the data at hand and the choice of what inferences
are to be made. For these reasons both an overly large number of burn-in and
total samples drawn are commonly chosen. However, by making the number of
burn-in samples sufficiently large MCMC methods can be made to be arbitrarily
slower than VB.

Similarly, convergence tolerances for VB trade accuracy against speed. We
have chosen € in (9) to be 107¢. Larger values of € result in cruder approxi-
mations and smaller values of € are usually wasteful. Since each completion of
Algorithm 1 takes very little time we are able to tune the parameter p via Al-
gorithm 2. In comparison, MCMC schemes can both be sensitive to the choice
of hyperparameter values and prohibitively time consuming to tune in practice.

With the above in mind we consider using (16) with identical hyperparam-
eters and p selected via Algorithm 2. For each of the examples we used 10°
MCMC samples for inference after discarding a burn-in of 103. No thinning was
applied. For the comparisons with MCMC in addition to Fj-score and MSE we
also compare the posterior density accuracy, introduced in [16], defined by

accuracy(6;) = 100 x <1 — %/|p(9j|}’) - Q(aj)|d9j)

where 0; is an arbitrary parameter and is expressed as a percentage and the
mean parameter bias for the regression coefficients

p
BIAS = %Z(ﬂoj — B;)2.

J=1

In our tables and figures the observed MSE and BIAS are reported on nega-
tive log scale (where higher values are better) and bracketed values represent
standard error estimates.

5.2. Example 1: Diets simulation

We use the following example modified from [25]. Let m; and n be parameters
of this simulation which are chosen to be integers. For this example we suppose
that there are two groups of diets with n/2 subjects in each group. We generate
m1+1 explanatory variables as follows. First, we generate a binary diet indicator
z where, for each subject i = 1,...,n, z; = I(i > n/2) — I(i < n/2). Next we



3564 J. T. Ormerod et al.

Diet Simulation Diet Simulation
Model Selection Accuracy 0 Prediction Accuracy
o o~
< ——
=== o
2
© |
° w
- |}
9_’ © | (%))
Q° -
3 =
[ ) It
oS o~
I o |
— LASSO ©
g i SCAD ©
MCP |
- = EMVS ?
— 8 —\’/_/
o | BMS e |
° T T T T T T T 1 T T T T T T T
1 2 3 4 5 6 7 1 2 3 4 5 6 7
K K

Fic 2. Summaries of the model selection and prediction accuracies of VB, Lasso, SCAD and
MCP methods for the Diet Simulation example.

generate X = [T1k,..-,Tnk|l, kK = 1,...,mq, such that z; = wy + 20k,
where u;;, are independent uniform (0,1) random variables, vy, ..., v 75m, are
independent uniform (0.25,0.75) random variables, and vg.75m,+1; - - -, Um, are
identically zero. Thus, we have my variables, x1,. .., Z,;,, where the first 75% of
the 2’s depend on z. Finally, we generate the response vector as

mi

y = Biz + Boxy + B3Xa + Baxs + Z BeXk—1 + Bmi+1Xm, + €,
=5

where € is normally distributed with mean 0 and covariance o?I. For this
simulation we set m; = 40, n = 80, 02 = 1, and B8 = (1 — (k — 1)/12) x
(4.5,3,—3,—3,07,3) where 07 is an (m; —4)-dimensional vector of zeros and &
is a simulation parameter. The data x;,...,X,,, are generated according to four
distinct categories whose interpretations are summarized in [25]. Correlations for
the first 0.75m, variables are around 0.8 in absolute magnitude. The remaining
variables are independent from each other and the first 0.75m; variables.

We generate 100 independent data sets for each value of k in the set
{1,2,3,4,5,6,7} and apply each of the variable selection procedures we consider.
Note that larger values of x in the range x € [1, 7] correspond to a smaller signal
to noise ratio. [25] considered the case where k = 1 and n = 40. The results are
summarized in the two panels of Figures 2.

We can see that in the left panel of Figure 2, VB, EMVS and BMS work
almostly equally well to select the correct model, BMS works slightly better for
larger x. In the right panel, VB and EMVS provide similar prediction errors
which are not as well as BMS but much better than the rest of methods. Note
that the mean times per simulation for our VB method, and the Lasso, SCAD,
MCP, EMVS and BMS were 2.08, 0.06, 0.04, 0.03, 0.57 and 15.87 seconds re-
spectively.
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The results for the comparisons between VB and MCMC based on 100 sim-
ulations are summarized in Table 1. The posterior density accuracy is better
for B3, but less so for o where accuracy decreases as the signal to noise ratio
decreases. Note that the MCMC approach took an average of 17.55 seconds per
simulation setting.

TABLE 1
Performance measure comparisons between VB and MCMC based on 100 simulations for
the diet simulation example.

k=1 K=2 K=3 K=4 K=25
“log MSE-VB 1.83 (0.42) 1.54 (0.52) 1.56 (0.46) 157 (0.42) 1.43 (0.40)
“log-MSE-MCMC  2.29 (0.05) 2.28 (0.05) 2.29 (0.05) 2.29 (0.05) 2.29 (0.05)
—log-BIAS-VB 3.55(0.13) 3.13 (0.15) 3.16 (0.13)  3.23 (0.11) 3.01 (0.11)
—log-BIAS-MCMC ~ 4.79 (0.01)  4.78 (0.01)  4.79 (0.01)  4.81 (0.01)  4.80 (0.01)
Fi-VB 0.99 (0.04)  0.99 (0.05) 0.98 (0.06) 0.98 (0.06) 0.97 (0.07)
Fi-MCMC 0.99 (0.03)  0.98 (0.03) 0.99 (0.03) 0.9 (0.03) 0.9 (0.03)
accuracy(3) 91.3 (9.11) 89.7 (12.5) 89.6 (12.7) 89.3 (12.9) 87.3 (15.9)
accuracy(o2) 86.9 (17.3) 84.1 (22.6) 83.4 (14.2) 824 (25.5) 78.3 (30.5)
K=26 K =06
“log-MSE-VB 1.15 (0.40) 1.07 (0.37)
—log-MSE-MCMC 2.29 (0.06)  2.26 (0.06)
—log-BIAS-VB 2.26 (0.11)  2.26 (0.09)
—log-BIAS-MCMC  4.79 (0.01) 4.71 (0.01)
Fi-VB 0.94 (0.09)  0.92 (0.11)
F-MCMC 0.98 (0.03)  0.99 (0.03)
accuracy () 82.5 (19.0) 80.1 (18.9)
accuracy(o2) 69.0 (36.8) 64.0 (37.1)

5.3. Example 2: Communities and crime data

We use the Communities and Crime dataset obtained from the UCI Machine
Learning Repository

http://archive.ics.uci.edu/ml/datasets/Communities+and+Crime

The data collected was part of a study by [56] combining socio-economic data
from the 1990 United States Census, law enforcement data from the 1990 United
States Law Enforcement Management and Administrative Statistics survey, and
crime data from the 1995 Federal Bureau of Investigation’s Uniform Crime Re-
ports.

The raw data consists of 2215 samples of 147 variables the first 5 of which we
regard as non-predictive, the next 124 are regarded as potential covariates while
the last 18 variables are regarded as potential response variables. Roughly 15%
of the data is missing. We proceed with a complete case analysis of the data.
We first remove any potential covariates which contained missing values leav-
ing 101 covariates. We also remove the variables rentLow@ and medGrossRent
since these variables appeared to be nearly linear combinations of the remain-
ing variables (the matrix X had two singular values approximately 10~° when
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these variables were included). We use the nonViolPerPop variable as the re-
sponse. We then remove any remaining samples where the response is missing.
The remaining dataset consist of 2118 samples and 99 covariates. Finally, the
response and covariates are standardized to have mean 0 and standard deviation
1. Empirical correlations between variables range from 3.3 x 107° to 0.999.
For this data we use the following procedure as the basis for simulations.

e Use the LARS algorithm to obtain the whole Lasso path and its solution
vector 3:

min {[ly — X85 + A8l }

for all positive values of A. The solution for 3 is a piecewise function of A
with a finite number of pieces, say J, which can be represented by the set
(A9, 89} <.

e For the jth element in this path:

— Let )(()(J ) be the columns of X corresponding to the non-zero elements
of B4/,

— Find the least squares fit (A(j) 52) of the data (y, X)),

Ls 195
— Simulate S datasets from the model y ~ N(X(j)Aijs),UQI) for some
value o2.

For this data we use 02 = 1, the first J = 20 elements of the LARS path and
S = 50. Such datasets are simulated for each of these J = 20 elements. We
use the R package lars [29] in the above procedure. Results for the comparisons
between VB, Lasso, SCAD and MCP are summarized in Figure 3. We can
see that our VB approach is competitive to other methods especially when
model size is small. The Lasso performs well in model selection but gives larger
prediction error while EMVS works less well in model selection but provides very
stable prediction error in all simulation settings. The mean times per simulation
for our VB method, and the Lasso, SCAD, MCP, EMVS and BMS were 6.92,
5.13, 3.49, 2.72, 0.73 and 40.69 seconds respectively.

The results for the comparisons between VB and MCMC based on 20 simu-
lations are summarized in Table 2. In this table we see that parameter posterior
density accuracies are nearly perfect for all parameters when model size is small
and still reasonable when model size is large. Note that the MCMC approach
took an average of 48.75 seconds per simulation setting.

5.4. Example 3: Simulated SNP data

For our first p > n example we take a simulation setting from [11] that mimics
some properties of single-nucleotide polymorphism (SNP) data. We used the R
package varbuvs [10] to generate the data. For all trials, we set n = 500, p = 1000,
the number of non-zero coefficients to m = 20 and ¢ = 3. Note that for this
example all covariates are uncorrelated. This process is repeated 50 times and
the results are summarized in Figure 4. For this example all methods, except
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Performance measure comparisons between VB and MCMC based on 30 simulations for the
communities and crime example.

Model size 1 2 3 4 5
—log-MSE-VB 7.96(0.00) 7.21(0.00) 6.26(0.00) 4.89(0.00) 4.71(0.00)
—log-MSE-MCMC 7.24(0.00) 6.77(0.00) 5.93(0.00) 5.38(0.00) 5.15(0.00)
—log-BIAS-VB 12.57(0.00)  11.82(0.00) 7.53(0.00) 6.97(0.00) 7.14(0.00)
—log-BIAS-MCMC | 11.13(0.00) 8.58(0.00) 7.91(0.00) 8.04(0.00) 7.78(0.00)
F1-VB 0.67(0.00) 0.80(0.00) 0.76(0.17) 0.61(0.15) 0.59(0.17)
F-MCMC 0.67(0.00) 0.80(0.00) 0.73(0.14) 0.69(0.11) 0.61(0.13)
accuracy(3) 98.67(0.53)  96.25(2.68)  95.26(2.92) 91.72(4.89) 91.91(5.30)
accuracy(o2) 97.90(2.40) 98.10(2.47) 97.75(2.95) 95.65(3.92)  95.95(3.10)
Model size 6 7 8 9 10
—log-MSE-VB 4.60(0.00) 4.42(0.01) 4.00(0.01) 3.86(0.01) 3.79(0.01)
—log-MSE-MCMC 4.96(0.00) 4.86(0.00) 4.70(0.01) 4.56(0.01) 4.44(0.00)
—log-BIAS-VB 7.39(0.00) 7.40(0.00) 7.35(0.00) 7.30(0.00) 7.41(0.00)
—log-BIAS-MCMC 7.67(0.00) 7.65(0.00) 7.66(0.00) 7.66(0.00) 7.50(0.00)
F-VB 0.59(0.10) 0.57(0.11) 0.56(0.11) 0.51(0.10) 0.48(0.07)
F-MCMC 0.55(0.11) 0.50(0.12) 0.55(0.11) 0.51(0.10) 0.47(0.08)
accuracy(3) 85.86(7.81)  84.83(9.25) 84.69(9.39) 84.33(9.26) 84.97(8.81)
accuracy(o2) 94.55(4.20)  93.70(4.94)  90.15(5.98) 88.30(7.11) 86.85(5.06)
Model size 11 12 13 14 15
—log-MSE-VB 3.76(0.01) 3.76(0.01) 3.67(0.01) 3.53(0.01) 3.46(0.01)
—log-MSE-MCMC 4.50(0.00) 4.50(0.00) 4.37(0.01) 4.17(0.01) 4.08(0.01)
—log-BIAS-VB 7.27(0.00) 7.27(0.00) 7.20(0.00) 6.92(0.00) 7.10(0.00)
—log-BIAS-MCMC 7.64(0.00) 7.64(0.00) 7.58(0.00) 7.22(0.00) 7.18(0.00)
F-VB 0.46(0.08) 0.46(0.08) 0.41(0.06) 0.40(0.08) 0.39(0.06)
F-MCMC 0.45(0.10) 0.45(0.10) 0.45(0.07) 0.41(0.11) 0.40(0.09)
accuracy(3) 86.04(10.17) 86.04(10.17) 84.72(9.20) 81.88(10.79) 82.56(9.75)
accuracy(o?) 87.90(6.85)  87.90(6.85) 87.95(6.78) 85.15(6.64) 82.55(5.99)
Model size 16 17 18 19 20
—log-MSE-VB 3.42(0.01) 3.38(0.01) 3.37(0.01) 3.29(0.01) 3.25(0.01)
—log-MSE-MCMC 4.05(0.01) 4.02(0.01) 3.98(0.01) 3.90(0.00) 3.90(0.00)
—log-BIAS-VB 6.98(0.00) 6.93(0.00) 6.92(0.00) 6.72(0.00) 6.68(0.00)
—log-BIAS-MCMC 7.23(0.00) 7.21(0.00) 7.12(0.00) 6.75(0.00) 6.74(0.00)
F-VB 0.36(0.07) 0.36(0.05) 0.35(0.06) 0.31(0.06) 0.28(0.05)
F-MCMC 0.38(0.10) 0.34(0.10) 0.35(0.09) 0.31(0.10) 0.30(0.09)
accuracy(3) 82.69(11.32) 76.87(15.91) 77.75(15.57) 74.15(17.34) 74.08(15.00)
accuracy(o?) 83.45(6.06) 82.45(8.29) 82.70(8.43) 80.95(8.80) 81.35(8.70)

for perhaps the Lasso had similar model selection accuracy. However, VB and
BMS were superior when compared to the other selected methods in terms of
perdiction accuracy and bias. The Lasso, SCAD, MCP, EMVS, VB and BMS
methods took 0.1, 0.1, 0.1, 45, 197 and 299 seconds respectively.
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Fic 3. Summaries of the model selection and prediction accuracies of VB, Lasso, SCAD and
MCP methods for the Communities and Crime example.

5.5. Example j: Simulated QTL data

For our final p > n simulation example we will use the design matrix based
on an experiment on a backcross population of n = 600 individuals for a single
large chromosome of 1800 cM. This giant chromosome was covered by 121 evenly
spaced markers from [72]. Nine ofthe markers overlapped with QTL ofthe main
effects and 13 out of the (131) = 7260 possible marker pairs had interaction
effects. The X matrix combines the main effects and interaction effects to make
a 600 x 7381 matrix. The values of the true coefficients are listed in Table 1
of [72] ranging from 0.77 to 4.77 in absolute magnitude and correlations range
from 0 to 0.8 where most of the higher correlation occurs along the off-diagonal
values of the correlation matrix of the covariates. Here we center the X matrix
and simulate new data from y = X3, + € where € = (£1,...,£,)T and the ¢;
are independently drawn with e; ~ N(0,20). Similar simulation studies were
conducted in [72] and [37]. This process was repeated 50 times and the results
are summarized in Figure 3. For this simulation setting VB has the best model
selection accuracy, smallest MSEs and smallest parameter biases of all the meth-
ods compared. The Lasso, SCAD, MCP, EMVS, VB and BMS methods took
1.5, 1.5, 1.8, 1229, 2011, 5327 seconds respectively.

6. Extension to Bayesian robust linear regression

Here we will make the argument that variational Bayes allows relatively straight-
forward extensions to non-standard complications. We will further show that
the above methodology can relatively easily be extended to model selection
for robust fits of linear models. Here we do so by using the Laplace or dou-
ble exponential distribution to model the response, i.e., we replace y|3, 02%,~ ~
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Fic 5. Summaries of the model selection, prediction accuracies and coefficient biases of the
VB, Lasso, SCAD, MCP, EMVS and BMS methods for the Simulated QTL data example.

N(XTS,0%T) in (1) by

y|B,0%,~ ~ Laplace(XT'3, o°I).

yilB,v, 0%, a; ~ N(x] T B,a; ' 0?),

Following [2] we can represent the Laplace distribution by the normal scale-
mixture

with a; ~ Inverse-Gamma(1,1/2),

where the remaining elements of the model specification are identical to (1).
Note that the above representation follows from the fact that

/ p(ilB, 7, 0%, as)plai)da; = p(yilB. v, %),
0
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Algorithm 3 Iterative scheme to obtain parameters in optimal q-densities for
our model.

1: Input: (y, X, 73,4, B, T, p,w,‘/i)

2: where y € R", X € R"*P, 0'% >0,A>0,B>0,7>0,p¢€(01), diag(A) =1 and
w € [0, 1]P.

3: W diag(w) ; Q<+ wwl +WI-W) ; X<« logit(p)

4: Cycle:
- -1 ~
5 > [T(XTAX) O+ TBI] . p— rSWXTAy
6: Forj=1,...,p
1 -
- wj < expit [A - STXTAX; (5 +355)
+TXTA [ypj = X jWoj(p i + 5j5)]
8: W [wi,...,wp]T 5 W < diag(w)
9: Q+—wwl + W(I-W)
10: s« B+1 [Hy||2 —2yTAXWp + tr ((XTAX © Q) (ppT + 2))]
11: T+ (A+n/2)/s
12: Fori=1,...,n
13: A 712 [v2 — 2y xTWp + tr ((x;xI © Q)(ppT +2))] —1/2
14: A« diag(gl, e gn)

15: Until the increase of logp

ZLaplace

(y; p) is negligible.

which can be shown using properties of the inverse Gaussian distribution. Using
a variational Bayes approximation of p(3, 02, ~,aly) by

P n
4(8,0°,v,a) = a(B)a(o?) | [] a(v) lH Q(ai)]
j=1 i=1
the optimal g-densities are of the form
q*(B) isa N(u,X) density,
q*(0?) is a Inverse-Gamma(A +n/2,s) density,
q*(7;) is a Bernoulli(w;) density for j =1,...,p,
and ¢*(a;) is a Inverse—Gaussian(/Tj, 1) density fori=1,...,n,

where the optimal values for the parameters are obtained via Algorithm 3 which
is derived in Appendix C. If x has an inverse Gaussian distribution, denoted
x ~ Inverse-Gaussian(u, \) with mean p and variance p® /), then it has density

A e {_/\(l‘ — p)?

2w’ 2xu?

p(z) = }, x, f, A > 0.

At the bottom of Algorithm 3 the lower bound on log p(y; p) simplifies to

n "1
10gp, ... vip) = logp(y; p) + 3 log(2m) — nlog(2) — > Vi
94,

(3
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Fic 6. Summaries of the model selection and prediction accuracies of VB, Lasso, SCAD and
MCP methods for the Communities and Crime example with Laplace distribute errors.

where log p(y; p) is the expression for the lower bound defined in Section 2. Note

that the Zi can be rewritten as

172 [(yl — xZ-TW,u)2 + xiTWEWXi +w;(1 — wi)((xiTu)2 + xiTEXi)] —1/2 .

Note that the term (y; — x! Wp)? can be interpreted as an estimate of the
error in prediction of the ith sample whereas x! WX Wx; can be interpreted as
a measure of the influence for the ith sample. Thus, the procedure will down-
weight both outliers and high influence points simultaneously.

6.1. Example 5: Diets simulation with Laplace errors

We now revisit Example 1 with Laplace distributed errors, i.e., where & follows
the Laplace distribution with scale parameter 02 = 0.5. The results are sum-
marized in Figure 6, which suggests that the performance of the other methods
compared is impaired by the non-Gaussian distributed errors. The VB method
based on the Laplace distribution has best model selection performance and
prediction accuracy over whole range of k, except for the case where xk = 4
where BMS has comparable accuracy.

7. Conclusion

In this paper we have provided theory for a new approach which induces sparsity
on the estimates of the regression coeflicients for a Bayesian linear model. We
have shown that these estimates are consistent, can be used to obtain valid
standard errors, and that the true model can be found at an exponential rate in
n. Our method performs well empirically compared to the penalized regression
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approaches on the numerical examples we considered and is both much faster
and highly accurate when comparing to MCMC.

Our theory is limited to assuming that p < n. This might be mitigated to a
certain extent by the use of screening procedures such as SIS [18] or the High-
dimensional Ordinary Least-squares Projection (HOLP) method of [70] which
can be seen as searching for a correct model with high probability whereas
extending the theory to p > n is future research.

Theoretical extensions include considering the case where both p and n di-
verge. Such theory would be important for understanding how the errors of our
estimators behave as p grows relative to n. Expansions along this line of research
would require combining the theory developed here with a detailed understand-
ing of how ridge regression estimators behave as n and p grow such as developed
by [31] or [70].

A second important theoretical extension would be to analyze the effect of
more elaborate sparisity inducing priors on the regression coefficients, e.g., where
the normal “slab” in the spike and slab is replaced by the Laplace, horseshoe,
negative-exponential-gamma and generalized double Pareto distributions [see
67]. Another theoretical extension includes adapting the theory presented here
to non-Gaussian response. However, such methodological (as opposed to the-
oretical) extensions would be relatively straightforward, as would extensions
which handle missing data or measurement error highlighting the strength and
flexibility of our approach.

Appendix A: Derivation of Algorithm 1

The g¢-densities corresponding to Algorithm 1 are derived below. The density
q(B) is given by:

2
a(B) oxexp [E_yg) { —zslly - XTA|> - L2 1]
 exp [—%BT (T(XTX) O0+ 0521) 8+ ,BTWXTyT}
= N(p, %),
where B = (1(XTX) 0 Q+0,°D) 7!, p = 75WX"y, w = E,y, W = diag(w),

Q=wwl+ W (I-W)and 7 = E,(1/0?). Note that in the above derivation
we have used

E,(TX"XT) =E,(X"X)o ("))
X"X) @ Eq(vv")

( E
(XTX)o Q.

The density q(o?) is given by:

n 1
a0?) x exp By { — 5 loglo?) = 5 ly — XTB]*

—(A+1)log(0?) — 2 H

o2
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Hence, ¢(0?) = Inverse-Gamma(A + %, s), where
1
s=B+; ([lyl* = 2y"XWp +tr (XTX © Q)(pp” +2))].

Next noting that v; = %2_ as 7v; € {0, 1}, the optimal ¢(;), 1 < j < p, take the
form

B 2
a(v;) o exp | By, {logit(p) + X (y - X ;W B_)) = S HXTX}

Hence, ¢(7;) = Bern(w;), where w; = expit(n;) and

nj = A= 37X X (0F +555) + X [yps — X W i(p_ju +355)] -

Appendix B: Proofs

Proof Lemma 1: Note that | expit(—a)—exp(—a)| = exp(—2a)/(1+exp(—a)) <
exp(—2a), and also note that expit(a) = 1 — expit(—a). Hence the result is as
stated. 0

Result 1. If wEt) >0, 1<j<p, then Q is positive definite.

Proof of Result 1: A matrix is positive definite if and only if for all non-
zero real vector a = [a1,...,a,]T the scalar a’Qa is strictly positive [30, Sec-
tion 7.1]. By definition a’Qa = a’ [ww? + W(I — W)]a = (Zle ajw;)? +

Z‘;:l a?wj(l —wj;). As 0 < w](t) <1,1<j < p, we have wj(1 —w;) > 0
O]

and hence Zle a?wj(l — w;) > 0. Again, as w;’ > 0,1 < j < p, we have
(5 ajw;)? > 0 for any non-zero vector a. Hence, the result is as stated. 0O

Let
dof(a, w) = tr [(XTX o) {(XTX) o Q + al}ﬂ

and

Udiag(v)UT  be the eigenvalue decomposition of (X7X)® €, (17)
where U is an orthonormal matrix and v = [v1, ..., 1T
ues of (XTX)® Q.

is a vector of eigenval-

Result 2. Suppose XX is semi-positive definite and w; € (0,1], 1 < j <p
and « > 0 then the function dof(c, w) is monotonically decreasing in o and
satisfies 0 < dof(a, w) < rank(XTX © Q) < p.

Proof of Result 2 : Let the eigenvalue decomposition (17) hold. Since w; €
(0,1], 1 < j < p is positive, by Result 1 the matrix Q is positive definite. By
the Schur product theorem [30, Theorem 7.5.2], the matrix (X7 X) ® € is also
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semi-positive definite. Hence, v;, i = 1,...,p defined in Equation (17) is non-
negative and number of non-zero v;,i = 1,...,p equals rank(X7X ® Q). Then,

using properties of the orthonormal matrix U, we have

dof(a,w) =tr [Udiag(u)UT (Udiag(v)U" + aI)il}

= Yi <rank(X"X o Q).

Vj+Oé

Note that X7X ® £ is a p x p matrix, hence rank(X"X © ) < p. Clearly,
dof(a, w) is monotonically decreasing in « and dof(«, w) only approaches zero
as a — 0o. 0

The next lemma follows from [30, Section 0.7.3]:

Lemma 2. The inverse of a real symmetric matriz can be written as

A B] ' I 0][A o I -BCT ] g
B” C - |-c'BT 1|0 ct|[0o I (
A —~ABC™!

_ ~ 1
—C1BTA Cl'4+C'BTABC! (19)

where A = (A - BC_lBT)_1 provided all inverses in (18) and (19) exist.

Lemma 3. Let M be a real positive definite symmetric p X p matriz, a =
[a1,...,ap]T be a real vector, and let the elements of the vector b = [by, ..., b,|"

be positive. Then the quantity a® [M + diag(b)]_l a is a strictly decreasing func-
tion of any element of b.

Proof of Lemma 3: Let the matrix M + diag(b) be partitioned as

M11 + b1 mF{Q

M + diag(b) = myy Ma, + B,

where mys = [Mia, ..., M,|T, By = diag(bs,...,b,) and

Myy - My,
Mgy = | U
Myy -+ My,
Then, by Equation (18) in Lemma 2,
_ ot
b1 + My; — mi, (Mo + Bo)~'myo (20)
+c3 (Maz + Bs) 'ea

aT [M + diag(b)] ' a
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where

1 —m,{;(MQQ + Bg)il

c=1, I 7.

and co=lc2,...,¢p
Note any principal submatrix of a positive definite matrix is positive definite
[30, Chapter 7.1.2]. Hence, the matrix (M + diag(b))~! is positive definite and
(by + M11 —m?l,(May +Bo) "tmyz) ! is a positive scalar. Clearly, (20) is strictly
decreasing as b; increases. The result follows for b;,2 < j < p after a relabeling
argument. O

The following result bounds the values that 7 can take and is useful because
these bounds do not depend on p, 3 or w.

Result 3. Suppose the updates in Algorithm 1 hold, then m;, < ) < 77 for all
t where

2A+n—p
L= 2 T TS \—1XT 2A+n—p
2B+2||y|| +2y X(X X) X y+pm
and
2A+n

T 9B [ly - X(XTX) 1 XTy[?’

Proof of Result 3: From Algorithm 1 we can express 7(*) as
PO = 24+n) 2B + ly - XWO |2
—HL(”T[(XTX) © w<t> O 1 - WO p®
+T(t—1) dof( (t—1) 527w(t))} -1

The upper bound for 7(*) where ¢t > 0 follows from the above equation and
following these inequalities:

(a) dof(T(tfl)_la/;Q,w) > 0 for any 7¢=D> 0;

(b) [ly = XWpu|? > |ly — X(XTX)"1XTy||? (from least squares results); and

(c) pT[(XTX)O WO (I-W)p>0 (as (XTX) oW o (I- W) is clearly at
least positive semidefinite).

To obtain a lower bound for 7(Y) first note that for any vector u,v € RP?,
[u+ vI? < 2[luf? + 2[v]?, as [[u+v]? + u—v|* = 2]ul|* + 2||v|* and
|lu — v||? is non-negative. Hence |y — XWgl||? < 2|y|? + 2|XWpg|?. Using
Result 2 and the fact p? [(XTX) © W © (I — W)]p > 0 we have

0 > (244 n)[2B + 2y |2 + p/7¢V

p® EWOXTXWO + (XTX) 0o WO 6 (1 - W) <t>r

[
22A+nPB+ﬂMP+MHt1
[

+u(t oWOXTXW®) 4 Q(XTX) oW o (1- W(t))]“(t)} _
2A+n
2B + 2|ly||2 + 2u® " [(XTX) © QO] u®) + p/rt-D’
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Let the eigenvalue decomposition (17) hold. Then
p"[(XTX) 0 Qp
= y"XW|[Udiag(v)U" + 770 ;1] ~'Udiag(v)U”
* [Udiag(@)U” + 1051 WX "y
_ Ep: v; (UTWXTy)?
ot 7_1052)2
<yTXTW[X"X) o Q] 'WX"y
=y X[X"X+ W H{X'X)oWo (I-W)}W ]~
<y"X(XTX)"'XTy,

IXTy

where the last line follows from Lemma 3. Combining this inequality the lower
bound for 7).t > 0 can be expressed as

L= 2 T TX)—1XT (t-1)" (21)
2B +2||y|I? + 2yTX(XTX) 1 XTy + p/T
Note that 71 > Tét_l) and expand the recursive inequality, we obtain
T(t) > 2A +n
2B + 2|ly[|? + 2y "X (XTX) ' Xy + p/7/ "
S 2A+n
= t — —1 k
Mﬁ + (2B +2|ly||? + 2y TX(XTX) -1 XTy) ZZ:O m
Note that as p < n,
t—1 k +
D 2A+n P
< d ———— <bp
I;J(QA—Fn)k “2A+n-p o (2A +n)t—1 b
Hence,
ét) > 2A4+n—p
- — A4+n— ’
2B + 2|y |2 + 2y "X (XTX) 1 XTy + pgiis
which is independent to ¢. Hence the lower bound on 7(9) is as stated. 0

B.1. Proof of Main Result 1

It is clear from the numerical example in Section 2 that sparsity in the vector
w1 is achieved (at least approximately). In order to understand how sparsity is
achieved we need to understand how the quantities p, 3 and 1 behave when
elements of the vector w are small. Define the n x n matrix P; for 1 < j < p by

_ —1
P, =X_jW_; ( W_,X",X_;W_; +7'D_;)  W_;X"; (22
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for j £ k,1 < j,k <p we define
T -1 -1
Pir =X-GmW-(ik (qu,k)ng,zc)X—(j,k)Wf(j.,k) +T Dfu',k))
XW_ (i XL k)
and for a indicator vector v we define
P,=X_ W, (W_ X' X W ,+7'D_) W X", (23
Result 4. If (8) holds then
Sy = (TWo,XIX, W, + D, — 7W, X P, X, W,) (24)
and
_ —1
By oy =2 W, XIX W, (W_ XT_ X _W_, +77'D_,) ; (25)
for 1 <35 <p we have
S = (052 11X, 12 = rwXTP,X,) (26)
5,j og" + Tw;|| X TW; A FjA )
and
-1
S = (W XELX W+ Do) W XE X (rw;B,); (27)
and for j £k, 1 < j, k <p we have

Ej’k = —ijka]T(I — P(j,k))Xk
X [ (052 + ij||XjH2 — Tw?X?P(j’k)Xj)

_ 28
X ((752 + 7w || X ||? — TmiX{P(]”k)XQ (28)
-1
—{ijka?(I — P(j,k))Xk}Q} .
If (3) and (4) hold then
By = TE%'YW’YX'T; I-Py)y; (29)
and .
w; X (I—P;
py = rwX; (- Py)y 1<j<p. (30)

052 + Tw; || X2 — Tw]zX]TPij’ -0
Proof of Result 4: For a given indicator vector v we can rewrite (3) as
{ Yyy Vo ]
Yoyy Yyy

[ "W,XIX, W, +D, TW XIX_W_,
T WXL X,W, tW_, XL X W_, +D_,
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Equations (24) and (25) can be obtained by applying Equation (19) in Lemma
2 and equations (26) and (27) can be obtained by letting v = e; (where e; is
the zero vector except for the value 1 in the jth entry). Similarly,

1 —1 0
Y10 = [ 0 } {D(Lz) +TW(1,2)X(T1,2)<I—P(1,2)>X(1,2)W(1,2)} [ 1 ]

= —rwnws X (1= P(1)Xs /| (rwdXT (1= Pt 2) X + D)
x (rudX (1= P(12)) Xz + Dz) = (rwiwsX] (I - P(15)X2) |

= —rwjw.X] (I - P(1,2))X2/{ (03_2 + 1w | Xq])? — TwiX{ Py, 2)X1)

X (052 + 7wy || X2 — T’wSXgP(Lg)Xg)
—{rww, XTI (1 - P(LQ))XQ}Q]

and (28) follows after a relabeling argument. Equation (29) follows by substi-
tuting ¥, 4 and X, _, into,

W, X1y
By = [ Yy By ] [ TI?V_,,X} }

and (30) follows by letting v = e;. O

From Result 3 we have that 7®) is bounded for all ¢ as (y;,x;) are observed

so that all quantities are deterministic. From Equation (30) we see that ugt) i
clearly O(w](-t)) as P; does not depend on w;. Noting that lim,, o E( )- = aﬁ

t)

follows from Equation (26) and the result for Eg’ ; follows after a Taylor series

argument. The result E(t) = O(wgt)w,it)) J # k follows from Equation (28). We

can see that the update for w( +b)

Equation (7) with the fact that Mg-t) = O(w§t)), Z% =05 + O(wj(-t ), EY,)C =

O(w§t)w,it)) and from Result 3 we have 7() = O(1). This completes the proof
of Main Result 1.

in Algorithm 1 is as stated by combining

B.2. Proof of Main Result 2

For the remainder of this section we will assume that y and X (and conse-
quently p® 2® 7 and w® for t = 0,1,...) are random quantities. Note
that Results 1-4 are still valid, when assuming random quantities y and X.
Define the following stochastic sequences:

A, =n"XTX, b, =n"1XTy,

¢n = dof(rWo ;1) and B, = (XTX)'XTy. (31)

Assuming (A1)—(A4) [73] proved consistency results for Bayesian linear models.
We will need stronger results to prove consistency of the estimates corresponding
to Algorithm 2. Lemma 4 will aid in obtaining these results.
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Lemma 4 (6, Theorem 14.4.1). If {X,} is a stochastic sequence with pu, =
E(X,) and o2 = Var(X,,) < oo, then X, — i, = Op(0y,).

Hence, from Lemma 4 and assumptions (A1l)—-(A5) we have
A, =S8+07(n"1/?),
At =S4 oy (n*1/2),
X512 = nE(z3) + Op(n'/?),
el = nof + Op(n'/?),
n1Xe = Og(nfl/z) and
b, =n"'X"(XB,+€) =88+ 0}(n"/2).
Before we improve upon the results of [73] we need to show that 7() is bounded

for all ¢. In fact 7(/) is bounded in probability for all ¢ as the following result
shows.

Result 5. Assume (A1)-(A5), then fort > 0 we have 7V = O,(1) and 1/7) =
0,(1).

Proof of Result 5: Using Result 3, we obtain 77, < ) < Ty and 7'51 <
1/7® < 1! for t > 1 where

2By - X(XTX) Xy P

v 2A+n
B ( n ) 2B + [y - X(XTX) "' X7y

2A+n n

and J[ly - X(X"X)"'X"y|]? = Jlly[* - ;y" X(X"X)"'X"y. By (A1)-(A4)
and the strong law of large numbers
Syl? = 51XBo +el® = 585 XTXB, + 52" XBy + Lllel
¥ B0 S8y + 2E(e)E(x] )8, + E(eF) = B SB, + .
Using (32), we have 1y"X(XTX) !XTy = bTA;'b, 5 BEspB, and hence

— P . . P —
T LA o8. By the continuous mapping theorem 717 — o 2,
In a similar manner to 7y we have

25 + 2|ly||* + 2y " X(XTX) ' Xy + p gy

S R (24+n)7©)
L B 2A+n—p
B n 2B +2|ly[* + 2y "X(X"X) " X"y + p gt
N 2A+n—p n

5 208 + 484 SB,.

By the continuous mapping theorem 77, - [48% S8, + 202]~'. Hence 7)), ¢ > 1
is bounded in probability between two constants. Similarly, 7(!) is bounded as
70 = 1is 0,(1). O
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We will now define what we call “correct models” and the “true model”. Let
B, be the true value of 3.

Definition: A correct model 7y is a p-vector with elements such that ~; € {0,1}
if Bo; = 0 and v; = 1 if By; # 0.

Definition: The true model v, is the p-vector with elements such that v; = 0
ifﬂoj :Oand'yj :].lfﬂoj #0

Hence, for example, the true model v, and the full model 4 = 1 are both correct
models. We will next derive some properties for correct models. Note that, by
definition, B, _, = 0 and we denote j € v if 7; =1 and j € v if 7; = 0.

Definition: Let « be a correct model. Then we say that w(®) is “close” to ~ in
probability if

(t) 1—dn; jE~ ,
w, = . a]-S S P
J {dnj j¢Ey J=P

where d,,;, 1 < j < p, is a sequences of positive random variables such that nd,,;
converges in probability to zero.

In the main results we assume that w(®) is close to a correct model. Under
this assumption we prove, in the following order, that:

) is a consistent estimator of 3;
7() is a consistent estimator of o %;

= = cov(B.s) + Ogl(n’g’/Q); and
w(tt1) is also “close” to the true model in probability.

We can then use these results recursively to obtain similar results for the Tth
iteration of the Algorithm 1, where 7" > ¢. In the next few results we use the
following quantities:

Ty =Ty —T3Ty,

T; =(n'XIX,) o0 -117) + (nr"Ve3) 7',
Ty = (Vo) TIW 1+ 157",
T, =W n X7 X)W,
Ts =" Vo?)(n X7 X_,) Q") and

t; = (WO -D)(n'XTy) - ;W (01X y).

(33)

Result 6. Assume (A1)-(A5) hold. Let v be a correct model. Suppose that w®)
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1s close to v then

Ty =0 (n™"),

Ty =0, (n" Bl

T3 = Oy (nfldn,—~ ),

T, = 07(ld ).

Ts =07 (nldn, yllec) and
61 = 0%(lduqlle).

Proof of Result 6: Firstly,

oy —117 = w)(wHT + WH(I-w) - 117
- (1 - dn,’y)(l - dnw)T + (I - Dn,"/)Dnﬁ —-117
=dp,dy, —1d] —dpy1" + (1= D, 4)Dy
= 0. ([[dn yl)

where D,, , = diag(d,, ). Similarly, Q(t) = Od(|ldn,—loo)- Again, using (32)
and Result 5 we have T2 =[Sy~ + Om( 1/2)] © Op(dn~lloc) + O (n~1) =
O (n~! + [|dn ylloo). Next, using (32) and Result 5 we have

T; = (nT(f’_l)aé)(n_lxz,YX_,,) ©) Q@Y
= 0p(n)[S—~,— + Op(nil/Q)] © O (l[dn,~~ )
= O (nlldn, ).
Expanding and simplifying the above equation obtains the result for T5. Now
since, using the assumption of w(*) being close to v we have n||d,, |l = 0,(1)
and so T5 = 0;”(1). By the continuous mapping theorem, we have (I+T5)~! =
I+ 0% (][ dylloc). Next, Ty = D, _[S_y, + O (n /]I - D, ).

Expanding and simplifying the above expression obtains the result for T}.
Furthermore,

T3 = 07" Vo TT (1 +Ts) "' = 0,(n)0 (dn,— o) [T+ O (n]ldn,—~ | )].

Expanding and simplifying the above expression obtains the result for T3. Sub-
stituting the order expressions for Ty, T3 and T4 in the expression for T;. Then
expanding and simplifying obtains the result for T. Finally, using (32) we have
t; = (W9 -D)(n'XTy) - Ts W (01X y)
= 07 (| dn sy llo)[SvivBoy + Op(n~1/?)]
—05 (1| dn,—ll00) O} ([ dn—yllo0) [S =, B0,y + Op (™ 1/?)]
= Oy(lldnlloe +nlldnylloclldn, o))

which simplifies to the result for t; under the assumption that d,,; = o,(n=!).0
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Result 7. Assume (A1)-(A5) hold. If w) is close to a correct model ~ in
probability then

ul) =B, +05n"1?),
nth = 0pmld, ),
t _ —-1)\—-1q-1 my,_ —3/2
=0 = (nrtY) S, 5+ 0, (n /2y

vy
2(_1‘/27)_7 = 0'[23]: + OZL(n”dn,—'y”oo) and
=0, =07 (ldn ).

Proof of Result 7: Firstly, note that
T(X'X) 0240’1 =7WX'XW +D (34)
by definition. Using equations (23), (24), (34) and Result 5 we have
RIS _ _
Eﬁf),y = (m'(t 1)) [(n 1X£X.,) ©® Qg) + (nr Daé) T
_ ¢
~WO (1 XIX )W

X {(nilXj_w.,X_.y) ©) Q(_tz, + (m'(t*l)crg)*lI}

®) (-1 T n]
W (171X X)W

_ =1\, —1~T -1
= (n7 ) [(n X,YX.Y)—l—Tl}

-1
= () Sy + OF () + OF ()]

= (nr=)718 L + 0y (n %) = 0 (n ).

Using equations (23), (29), (32) and (34), Result 6, and the continuous mapping
theorem we have

) (t—1)s(t) )~ T t
Wy =B WX - Py
- -1
= |0 XTXy) + Tl] [wgﬂ (nXTy) = WO (n ' XTX_ )W)
-1xT x o® (t-1)52)-11 _1W(t) -1xT
x (n -y *’Y)Q ,,74-(717' Uﬁ) 7’7(77‘ ,vy)
- -1
- (n—lxgxﬂ,)JrTl} {(n—lxzy)thl}
= [835 + 05 (72 4 IT1llx) | [SyaBoy + Op(n ™2 + [t1]])]
= Boy + Op(n™ 2+ [|dn ]| o)-

Since by assumption ||dp|lec = 0p(n~1) we have plf) as stated. Using equations

(23), (24) and (34) we have
2@7’77 = |:O'B_21 + r(f—”(n—lxgx_g O] (nQ@y)

—nTy {(n™'XIX5) + TQ}’1 Tﬂ -
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From Equation (32) and Result 6, we can show that (n™'X2X,)+Ty =S, ,+
O (n~"/2) and T4 = OF(||dn,—~ /). Using the continuous mapping theorem
we find that
N IXT X ) © (nQ")) = nTy [(n'XTX,) + To) T
= 0p(1)[S—y,— + O} (n™/2)] © O (n|dn, )
—nOp ([dn,—yllsc) [Sy.y + 07 (n™/2)] OF (|l dn,— 1)
= 07 (nfldn, —~loo)-
Noting that by assumption d,,; = 0,(n~') and applying the continuous mapping
theorem, we obtain the result for E(_t)%_v. Next, from equations (23), (29), (32)
and Result 6 we obtain
p =0 W)X )
Ty {(n'XIX,) + To} ng)(n*lxgy)}
= Op(D[o31 + O3 (nl|dn,— )]
% [[05 (.12 )][S .-+, + Op (0 1/2)]
~n[0} (| dn,—~llo0)][Sy.y + O (/2]
X[ = O3 (ldnsloc)][S5.2B0 - + Op(n )]
= O}(ndy, ).

Lastly, using equations (23), (25), (32), Result 6 and by the assumption that
dn; = 0p(n™1) we obtain

-1
=0, =0 WOXIX W [XT X, 00 + (7 Vo)
-1 _
=— [(nflx,TyX.,) + Tl] n~ir(t=Y 1T3
-1
= [Sy2 0y (2)] % O (dn, 1)

After expanding the above expression and dropping appropriate lower order
terms the result is proved. 0

Result 8. Assume (A1)-(A5) hold. If w) is close to a correct model v then
M =052+ 0,(n"1/?).
Proof of Result 8: In Algorithm 1 the value 7(Y) satisfies

0 = (24+n) [23 +ly — XWO 02
Hp)XTX) o W o (1= W)ju®
+dof((7'(t_1))_1052, W(t))/T(t_l)} -

B 14+2A4/n
2B/n+Th +To + T3’
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where
T = n_lT(t_l)71d0f((7'(t_1))_1og2,w(t)), Ty =n"ty - XWO L") |2
and T3 = (u)"[A, 0 WO & (T- WH)|p®.

Firstly, Ty = O,(n~1) follows from results 2 and 5. Secondly, using y = X3, +¢
we have

T =n"'e+XWp -8y
=n""lel® +2(nTeTX) (W — )
HWO RO g (07 XX (WO — )
Using Equation (32) we have n~'|e[|> = 02 + O,(n"/?) and n~'e’X =
0y(n=Y/2) and n='XTX = S + O(n~'/2). Note that from Result 7 we have
1y = Boy + 05(n12) and p) = O3(n)|dn—vyllo). Then u® = B, + e,
where e, 4 = O3(n~!/2) and e, _ = O3(n||dp,—||«). Lastly, by assumption
[ —dp~©Bg, —dnyOe
W(t)u(t) -8, = Cn,y n,y 0,y n,y n,y ]
0 L dn577 ®en777
_ Oz(Hdnry”oo + llen~lo) }
[ Op(ldn—~en—lle)
Og(nilm + | dnv o) ] )
O} (nlldn.—~ %)

Hence, Tp = 02 + Op(n ™2 + ||dy || oo + n|dn,—~||% ). By assumption [|dy, ~||co
and n||d,,_||% are of smaller order than n='/2 so Ty = 02 + O,(n~'/?). Next,

P

Ty = 30 ) 0 = ) )%

Jj=1

Using (32) we have n™'||x;[|> = E(«7) + O,(n~1/2). Using the assumption for

wj(-t) we have wﬁt)(l - w§t)) =d,j(1—dn;) = Op(d,;) and from Result 7 we have

(U;t))z = 68;‘ + Op(€n;)- Hence, Ts = Op([|dn o) and so
o) 1+ 0,(n™1)

=0 =07+ Op(nfl/Q).

o3 + Op(n172) O

We will now examine the updates for 7; and w;, 1 < j < p defined at Line
89 in Algorithm 1. Note that w* is updated one component, wy, at a time
iterating through j = 1,...,p and in each iteration w; is updated using w;.
Also note that w(**1) is updated after w* is completely updated. Here we will
employ the notation v* C v to mean that v; = 7; for all j € v*. We will now
show that, provided the w(*) is close to a correct model 4 and w* is close to
a correct model v* such that v* C -+ then the next updated w* is close to a
correct model 7 such that 4 C «.
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Result 9. Assume (A1)-(A6). If w®) and w* are close to two correct models
~ and v* respectively, such that v* C =, i.e.,

wlgt):{l_dvzk ]{56’)’

dnk k¢7
and
N 1-d;, ke~*
= <k<
wy, {d:k kd ~* 1<k<p,

where {dnk }1<k<p and {d; }1<k<p by Definition 1 are two sequences of positive
random variables such that nd,j, and nd}, are converging in probability to zero.
Then if the next w* is to update wj, we have

An + B0g PE(23)3; + Op(n'/?) i€%
n = )‘n+0p(12) b . j €y and j &
M = 505 E(a5)0f + Op(n'? + 02| dn, 4 llec) G &
and after updating w* with wj = w; = expit(n;) in Algorithm 1 the w* is close
to a correct model ¥ where for 1 < k < p we have

1—dpr j=kandk e,

wh = dni jzkandk%’yo
1-d;, j#kandke~*
dy, j#kandk ¢y
and
1 j=kandken,
V=% 0 j=kandk¢n~,
vy otherwise
where

o dn; = exp [~ 505 "B()B5; — A+ Op(n'/2)] if ] € o
o dyj = Op(exp(An)) if j €y and j & ~vy; and
e d,; =exp [)\n — %UO_Q]E(:E?)J% + O,D(nl/2 + n2||dn7_.,||oo)} ifjén.

Proof of Result 9: Consider the update 7; at Line 11 in Algorithm 1. From
results 7 and 8 we have that if w(*) is close to a correct model 4 then

H%) =Byt OZ(”A/Q)»

ply =03 (nlldy, o),

=0 =03+ 0F (nlldn, )
t m
20 =07 dn—ylleo)s

o
T(g =052+ 0,(n"?) and
20 =0op(n™).
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We also have the fact that y = X3, + . Hence,

mi = A= 30 (2 + 50 1%
+rOXT[(XBy + )ul!) - X_jdiag(w? ) (uG + 29 )]
:/\+T6—T7+T8—T9+T10

where
Ty =rO1%,)? (ﬁo,jug-” —36)?)
Tr =3I
s =7 t)th) > XTX, (50 k— wku,(f)) ;
k#j
Ty =703 XTXwpny)
oy
and Ty9 = T(t)MEt)XJTe.
Firstly,

o If j € vy then

J
= 20y *E(23)85; + Op(n'/?).

T =3 [o%+0p(n /)] [E@) + 0, (n772)] [83, + 0p(n2)]
o If j€vandj ¢y, then

To = 3 052+ Op(n™1%)] [E@?) + 0, (n712)] 0,(n7") = [0,(1)]
e If j ¢« then

T =% |o5”+0p(n /)| [E@) + 0, (n77%)] Op(n? %)
105 (1 i~ 121

Secondly,
o If j € v then

T, =12 [00_2 + Op(nfl/z)] [E(x?) + 0, (nfl/Q)} Op(n™1) = 0,(1)].

2
o If j ¢~ then

T, = [ 07+ Opn /2] [E(a3) + 0y (n™"%)] [0 + Oy (s | )]

00 *E(2})0f + Op(n'/? + 1n*|[dp, | <)

wl: |3

Next note that since v* C v we have v, = 7 = 1 for all £ € v* so that if
k € 4* then k € « and the consequently the combination k € v* then k ¢ ~ is
not possible.

Next consider fo j, — wiu.
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o If k€ vand k € v* then

Bok — wis = Bow — (1= dip) (Boe + Op(n~Y2)) = Op(n~1/?2).

o If k € v and k ¢ ~* then

Bo — wipl = Bo — di (Bok + Op(n~"/2)) = Op(diyn™?).

o If k¢ ~vand k ¢ v* then

Bok — wil = Bog — A5 Op(n]ldn,—~ lloc) = Op(ndiy,|dn,— |l oc)-

noting that if k ¢ v or if k ¢ ~* then Sy = 0 (since both ~ and v* are correct
models). Hence,

> XTX, (ﬁo,k - w/ﬁﬂ;@)
Py
—n [E(mjxk) + op(n*ﬂ)} 0,(n~1/2)
= Op(nlm)‘
The second line follows from the assumption that d,,; = o,(n~") and d};; =
0p(n™1) for all j so that O,(n2d’,||dn,—~|loc) = 0p(1). Hence,

Op(n'/?) J €Y
Ts =4 0p(1) JEYIEY0
Opn¥/21n.wll=) .
Next consider wj Xy ;.

o If je~,k e~ and k € v* then

wiSk; = (1= dp)Op(n™") = Op(n™1).

If je~,ke~and k ¢ v* then

WXk, = Op(d;knfl) = op(nfz).

If je~,k ¢~ and k ¢ v* then

w X, j = Op(d2k|‘dn,—7“W) = Op(n_2)~

If j ¢ v,k €~ and k € 4* then
w5 = (1 — dyp) Op([|dn,—[[oc) = Op([ldn,—llo0)-

If j ¢ ~,k €~ and k ¢ v* then

wik,; = Op(dplldn, —loo)-
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e If j¢~v, k¢~ andk ¢ ~* then
Wi, = dpi(0F + Op(nlldn,— ) = Op(dpp)-

Hence,
Tg — { OP(1> .7:6 Y
op(1)  j &

Finally by noting that X; is independent to €, we have

(Bok + Op(n™12))0p(n'/?) = O, (n'/?) j € and j €,
Tig = Op(n_l/Q)Op(nl/Q) = 0,(1) je~vand j ¢,
Op(nlldn, —1l00)Op(n'/?) = Op (02| dn, 4 llec) 5 ¢ 7,

From T§, 17, Ty, Ty and T1o we obtain the expression for 7} in the result. From
Lemma 1 we have B
wz _ L_ dnk ke Yo
dnk: k ¢ Yo
where all possible c?nj are specified in the result.
Now note that

e If A\, >0 and A\, — 00 as n — oo then w; defined in Algorithm 1 will
converge in probability to 1.

e If A\, is O,(1) then d,; will converge to zero at a faster rate than required
for j € vy, for j ¢ v, the value w; will be O, (1).

e If \, <0 and \,/n — k for some constant x then w} may not converge
in probability to 1 depending on the size of k.

o If A, <0 and A, grows at a faster rate than O,(n) then w
in probability to 0.

o If A\, = —oo and \,/n — 0 then d,; will converge to 0, but for j ¢ ~,

*

; will converge

the sequence nd,; may not converge in probability to zero.

Thus, we require A, — —00, A,,/n — 0 and nexpit(\,) = np, — 0. These are
the conditions specified by Assumption (A6). Thus, under Assumption (A6) the
vector w* will be close to the model 7. O

Proof of Main Result 2: If wﬁ-l) = 1for 1 < j < pand assumptions (A1l)—(AG)

hold then w( = 1 corresponds to a correct model 4 = 1 and results 7-8 hold
with d,,; = 0 for 1 < j < p. Applying Result 9 repeatedly over indexes 1 < j <p
obtains the result for w(® with the sequence dn; = 0 for 1 < j < p where the
convergence rate of nd,; being satisfied. Hence, equations (10) and (11) are
proved. We can then apply results 7-8 to prove Equation (12). We now note
that the term n? expit(\,) is o,(n) or smaller by Assumption (A6). However,
by Assumption (A6) this term and A, in wl§-3) with j ¢ 7, are dominated by
3)

—nE(x?)ag/Qag. Thus, we have w§3) =1-—dy; for j € vy and w;”" = dp; for



A wvariational Bayes approach to variable selection 3589

j & v, where d,; are sequences of random variables with n?d,,; converging in
probability to zero. Thus, after applying Results 6-8 repeatedly over indexes
1 < j < p the equations (14) and (15) are proved for ¢ = 3. However, these
results give rise to the same conditions for ¢ = 4 as those required for ¢t = 3.
Thus, we can continue applying Results 68 recursively to prove the Main Result
2 for all ¢. 0

Appendix C: Deriviation of Algorithm 3

The g-densities corresponding to Algorithm 3 are:

n a; 2
a(8) o exp [E-yo) {0, sl —xTTB|* — 2 }]

o exp {E—qm) {*#(y — XTB3)" diag(a)(y — XI'8) — “2‘;%2 H
= N(u, %),

where £ = (71(XTAX)0Q+751) 1, p = TSWXT Ay, w = E,v, W = diag(w),
Q=wwl'+Wo(I-W), 7 =E,(1/0?), 75 = 052 and A = E,diag(a). Similarly,
we have

a(0?) xexp [E_gon{ — 5z (y — XI8) diag(a)(y ~ XI8)
B
—g log 0* — (A+1)logo? — EH

Hence, ¢(0?) = Inverse-Gamma(A + %, s), where
1 ~ ~ -
s =B+ [yTAy —oyTAXWp + tr ((XTAX © ) (pp’ + z))} .

Next noting that v; = 'y? as v; € {0,1}, the optimal ¢(v;), 1 < j < p, takes the
form
i~T X 87 ~
q(v;) ocexp {%‘ E_g, {)\ + ﬁ—gX?A(y — X,jW,jﬁfj) — ﬁX?AX]—H .

g

Hence, ¢(v;) = Bern(w;), where w; = expit(n;) and
L % 2 TR
N = A= 57X AX; (1] +%55) +7XG A [y = X W (i +35)]

Next, we have

1 a; 1
o) op |y {3lowa; — 5l XITAIP - 2og; - 1 b

3 a; 1 1
x oxp |- loga; - $B, Zlly; ~<TAI - 5|
7

= Inverse-Gaussian (gj, 1) ,
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where
B 1 —1/2
A = (Bl - xTTolr)
_ —1/2
=771/2 [yj2 — 2ij?Wu + tr ((xjx;‘-r © Q) (pup” + 2))} .
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