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Abstract

The innovation of modern technologies drives research and development on
high-dimensional data analysis in diverse fields, where variable selection plays
a pivotal role to ensure credible model estimation. We focus on scalable
algorithms for variable selection that can handle large data sets.

Firstly, we propose an EM algorithm that returns the MAP estimate of
the set of relevant variables. Due to its particular updating scheme, our
algorithm can be implemented efficiently. We also show that the MAP esti-
mate returned by our EM algorithm achieves variable selection consistency
even when p diverges with n. In practice, EM algorithm tends to get stuck
at local peaks. So we propose an ensemble version: repeatedly apply the
EM algorithm on a subset of Bootstrap sample data and then aggregate
the results. Empirical studies demonstrate the superior performance of this
Bayesian Bootstrap EM algorithm.

Secondly, we propose a hybrid computation framework for Bayesian vari-
able selection. This new algorithm SAB is a combination of the classical EM
algorithm and the variational Bayes algorithm. It is very fast in handling
high dimensional data with a large number of covariates. To address a criti-
cal biological problem, we apply SAB to a state-of-art cancer genomics data
set with a goal to understand the complex regulatory relationship between
miRNAs and mRNAs in cancer.

In the third part, we study the asymptotic behavior of the SAB algorithm
in detail and prove that SAB achieves the selection consistency, Bayesian
consistency and also an oracle property when the number of covariates p
grows with the sample size n exponentially.

Lastly, we extend the hybrid framework of Bayesian variable selection to
logistic models, where we adopt the Polya-Gamma specification and show
that this specification is equivalent as the local approximation method in the

variational Bayes framework.

i



Table of Contents

List of Tables . . . . .. .. ... ... .. ... vi
List of Figures . . . . . . . . . . . . i i i, vii
Chapter 1 Introduction . . ... ... ... .......... 1
1.1 Penalized Likelihood Approach . . ... ... ... ... ... 1
1.2 Bayesian Regularization . . . .. .. ... ... ... .. ... 3
1.3 Bayesian Hierarchical Formulation . . . . . . .. .. ... ... 4
1.3.1 The prior choices . . . . .. ... ... ... .. .... )

1.3.2  Connection to regularization . . . . . . .. .. ... .. 6

1.4 Posterior Computation . . . . . . ... ... ... .. ... 8
1.4.1 Sampling approaches . . . . . . . .. ... ... ... 8

1.4.2 MAP estimation . . . .. ... ... ... ... ... 10

1.4.3 Approximation approaches . . . . . . . .. ... .. .. 11

1.5 Extension to Generalized Linear Model . . . . . . . . .. ... 13
Chapter 2 EM and Ensemble . . . . ... ... ........ 14
2.1 Introduction . . . . . .. .. ... 14
2.2 Method . . . . ... 16
2.2.1 Prior specification . . . . . . ... 16

2.2.2 The EM algorithm . . . .. .. ... ... ... .... 17

2.2.3 Computationcost . . . . .. .. ... ... ... ... 19

2.3 Asymptotic Analysis . . . . ... ... 20
2.4 Bayesian Bootstrap . . . . . . ... ..o 21
2.5 Empirical Results . . . . . .. ... .. oo 24
2.5.1 A widely used benchmark . . . ... ... ... ... .. 25

2.5.2 A highly-correlated data . . . . . . ... ... ... .. 26

2.5.3 A Large-p small-n example . . . . ... ... ... ... 28

254 Arealexample . . . .. ... 30

2.6 Discussion . . . . . . ..o 32
Chapter 3 Variational Bayes . .. ... ... ......... 33
3.1 Introduction . . . . . .. ... .. 33
3.2 Method . . .. .. . 35
3.2.1 Model and priors . . . . . ... ... L. 35

iii



3.2.2 Posterior inference . . . . . . ... ...
3.2.3 A hybrid algorithm . . . . . ... ... ... ... ..

3.3 Asymptotic Analysis . . . . .. ..o

3.4 Empirical Results . . . . . .. ... ... 0L

3.4.1 Simulation studies . . . .. ... ... o0

3.4.2 Cancer genomics data on miRNA-mRNA regulation . .

3.5 Discussion . . . . . . ...
Chapter 4 Asymptotic Analysis in High Dimensions . . . .

4.1 Introduction . . . . . . . . ...

4.2 Method . . . ... .. . ..

4.3 Set-up and Notations . . . . . . .. ... ... .. ... ....

4.4 Orthogonal Design . . . . . .. ... ... ... .. ......

4.5 Full-rank Data . . . . . ... ... oo

4.5.1 Selection consistency of one-step estimator . . . . . . .

4.5.2 Bayesian consistency . . . . . . ... ...

4.5.3 Selection consistency of t-step estimator . . . . . . ..

4.5.4 Oracle property . . . . . . . . .. ... ... ..

4.6 High-dimensional Data . . . . . ... ... ... .. ......

4.6.1 Selection consistency . . . . . .. ...

4.6.2 Oracle property . . . . . . .. ... L.
Chapter 5 Logistic Model . . . ... ... ... ........

5.1 Introduction . . . . . . . . ... ...

5.2 Method . . . . .. .

5.2.1 Model and priors . . . . . ... ...

5.2.2  The variational algorithm . . . . . . .. ... ... ..

5.2.3 Connection with local approximation . . . . . . .. ..

5.3 Empirical Results . . . . . .. ... ... 000
Appendix A Supplementary Material of Chapter 2 . . . . .

A.1 Proof of Theorem 2.1 . . . . . . .. .. ... ... ... ....
Appendix B Supplementary Material for Chapter 3 .

B.1 Proof of Proposition 3.1 . . . . . ... .. ... .. .. ...

B.2 Implementation of SAB. . . . . ... ... ... .. .. ... .

B.3 Conditions and Proofs of Theorems in Section 3.3 . . . . . . .

Appendix C Supplementary Material for Chapter 4

C.1
C.2
C.3
C4
C.5
C.6

Lemma and properties . . . . . . . ... ...,
General results . . . ...
Proof of Theorem 4.1 . . . . . . . . . . . .. ... .. .....
Proof of Theorem 4.2 . . . . . . . . . . . ... ... ... ...
Proof of Theorem 4.3 . . . . . . . . . . . . . ... ... ....
Proof of Theorem 4.4 . . . . . . . . . . . . ... ... . ....

v

56
o6
o8
60
61
65
66
67
68
69
70
71
72

73
73
75
75
76
79
80

82
82

85
85
86
88



C.7 Proof of Theorem 4.5 . . . . . . . . . . . . ... ... 105

C.8 Proof of Theorem 4.6 . . . . . . . ... ... ... ... .... 109
Appendix D Supplementary Material for Chapter 5 . . .. 111
D.1 Objective function . . . . . . ... ... L. 111
D.2 Local approximation . . . . . .. ... ... ... ... ... 111
References . . . . . . . . . . . ... e e 113



2.1

2.2

2.3

24

3.1

3.2

5.1

List of Tables

A widely used benchmark. The average number of zero-coefficients
(i.e., no selection) out of 100 simulations for each types of vari-

able (Signal or Noise) are shown. The results other than EM

(Alg 1) are from (Fan and Li, 2001). . . ... ... ... ... 26
A widely used benchmark. The min, median, max number of
being selected out of 100 simulations for each types of variable
(Signal or Noise) are shown. The results other than EM (Alg

1) are from (Xin and Zhu, 2012). . . . .. ... ... ... .. 27
A highly-correlated data. The min, median, max number of
times being selected (i.e., no selection) out of 100 simulations

for each type of variables (Signal and Noise) are shown. The
results other than EM and BBEM are from (Xin and Zhu, 2012). 28
A large-p small-n example. The table shows the average num-

ber of signal and noise variables being selected out of 100 it-
erations. In BBEM, vy is either chosen by BIC or fixed at

0.03. EMVS is the algorithm proposed by Rockova and George
(2014). .« 30

Study 1. The average number of 0 coefficients (i.e., no selec-
tion) out of 100 simulations for each type of variables (Signal
or Noise). The ideal value is 5 for the 1st column and 0 for
the 2nd column. The results of SCAD1, SCAD2 and LASSO
are taken from Fan and Li (2001). . . . . ... ... ... ... 47
Study 2. The frequencies of being selected (out of 30 simula-
tions) for the two types of variables (Signal or Noise), where
EMVS is from (Rockova and George, 2014) and Oracle cor-
responds to the ideal case where we know the true relevant
variables. The last column records the computation time on
a Macbook Air (1.7 GHz Intel Core i5 and 4 GB 1333 MHz
DDR3 memory). . . . .. ... .. 47

Dense feature example. The mean and standard error (in
parenthesis) of the 0/1 loss and negative log-likelihood from
50 simulations with different correlation p are shown for both
LVB in Algorithm 4 and LASSO from the glmnet package. . . 81

vi



1.1

1.2

2.1

2.2

3.1

3.2

3.3

3.4

List of Figures

A graphical display of the penalty function associated with the
two-component normal mixture prior (1.3) for various choices
of vgpand vy, . ...
A graphical display of the truncated posterior mean 3 in y-axis
versus the OLS estimator (3 in x-axis with the two-component
normal mixture prior (1.3) for various choices of vy and vy. . .

Highly-correlated data n = 50. A path-plot of the average
selection frequency when vy varies in the logarithm scale of
base 10. Top 6 lines represent the true variables x;.4 and the
bottom 3 lines represent the maximum, median and minimum
among the noise variables x7.40. . . . . . . . . .. ...
Restaurant data. The path plot of selection frequency when
vg varies in the logarithm scale of base 10. Only a subset of
variables with high selection frequencies are displayed.

Left: The SAB path (averaged over 20 data sets) for the
posterior mean of f; for data from Simulation Study 1 with
n =40, p = 8, and ¢ = 3. Right: The averaged SAB path
for the inclusion probability ¢;. In both plots, the paths of
the 3 relevant variables, X;, X, and X5, are shown as solid
lines and the paths for the other variables are shown as dashed
lines. The z-coordinate denotes vy changed in the logarithm
scaleof base 10. . . . . . .. ..o
Study 3. The SAB path for the inclusion probability ¢; on
the Zhao and Yu’s example, where the x-coordinate denotes
vg changed in the logarithm scale of base 10. In this example,
the true variables are X; and Xo. . . . . . . . ... ... ...
Histogram of the numbers of miRNAs selected for all the mR-
NAs using the SAB algorithm. . . . . . .. .. ... ... ...
Application of SAB to mRNA-miRNA regulation using TCGA
data. Top 50 influential miRNAs are shown. The bar lengths
represent the number of mRNAs that each miRNA signifi-
cantly repressed. . . . . . . ... L

vil

31



Chapter 1

Introduction

The emergence of advance computational technologies drives the research
of statistical methodologies to extract information from massive data sets.
There are two aspects of interest, learning and inference. The former is
referred to model estimation, while the latter is to predict using the model.
With the presence of redundant features which is common for high-dimensional
data, an important task is to identify a parsimonious model that has better
statistical interpretability as well as prediction accuracy. The focus of this
thesis is centered around variable selection, which is a special case of model
selection, to identify a subset of features that can explain well the variation
in the observed response.

Variable selection has been a long-standing problem in scientific studies.
The classical idea is to select variables through either sequential searching
(forward, backward or step-wise) or exhausting all possible subsets by mini-
mizing the combination of residual sum of square (RSS) and a penalty term
such as AIC/BIC. Although conceptually straightforward, the drawbacks of
such searching algorithms are well recognized: computational too expensive
for high-dimensional data and prone to stuck at local optima for step-wise
searching. A variety of advanced tools have been developed and investigated
recently to address these issues, among which two general frameworks are
adopted: penalized likelihood approach and Bayesian method, the latter be-
ing the focus of my thesis. We devote the rest of this chapter to a review of
these general frameworks of variable selection, leaving more detailed discus-

sion of the recent work to the introduction sections of each chapter.

1.1 Penalized Likelihood Approach

Penalized likelihood approach or sometimes called the regularization method

has been widely discussed and intensively used in many applications. It



identifies the relevant variable set and estimates their effects simultaneously
by minimizing the combination of an empirical error (negative logarithm of

the likelihood) plus a penalty term on the size of the effects.
L(0) = —log Lik(y | 0) + Peny(0).

The goal is to find the optimal 6 that minimizes £(6). In certain cases, the
first term is also written as the residual sum of square (RSS) which alone
leads to least square estimation. The second term is a penalty function
indexed by a hyperparameter \. For ease of exposition, we limit our analysis
to the linear regression model with iid Gaussian errors, where the response
variable y relates to a set of potential predictors Xi, ..., X, in the form of a
linear function. Let X, 4, denote the design matrix and B,x; the unknown

regression coefficient vector. The response y is modeled by
y ~ Nn(X/Ba U2In)7

where 02 denotes the error variance and N,, denotes a n-dimensional multi-
variate Normal distribution. For simplicity, set 02 = 1. Then the optimiza-

tion problem of penalized likelihood approaches translates to
p
L(B) = lly = XBI[* + ) Penx(I8;1) (1.1)
j=1

A popular choice of the penalty function is the L, penalty: Peny(|5;]) =
AlB;]?, where ¢ = 0 corresponds to the classical criteria like AIC/BIC, ¢ =1
the popular LASSO penalty (Tibshirani, 1996) and ¢ = 2 resulting in ridge
regression (Hoerl and Kennard, 1970). While the Ly penalty being the most
essential sparsity measure strongly favors sparse solutions, it is NP-hard for
optimization. The L; penalty which is a convex relaxation of the Ly penalty,
however, is more practical for implementation.

Fan and Li (2001) argued that a good penalty function should possess
three properties: 1) unbiasedness, where the resulting estimator of the true
effects are nearly unbiased, 2) sparsity, where the optimization procedure
automatically zeros out unimportant variables and thereby leads to parsi-
monious solution, and 3) continuity, that is the estimation is robust towards

small perturbation of the data to avoid prediction instability. The estima-



tor of the L, penalty is continuous if and only if ¢ > 1, but the sparsity
condition is failed when ¢ > 1. The L; penalty on the other hand, suffers
from noticeable large model bias that shifts the estimator by a constant .
Motivated by this observation, researchers have proposed penalty functions
that fulfill these three conditions, among others are the smoothly clipped
absolute deviation (SCAD) penalty (Fan and Li, 2001), the minimax convex
penalty (MCP) (Zhang, 2010) and the adaptive LASSO (Zou, 2006). Apart
from being the guideline of a good penalty function, these appealing prop-
erties also provide an insightful angle to evaluate Bayesian variable selection

algorithms.

1.2 Bayesian Regularization

There is a natural connection between the penalized likelihood approach and
the Bayesian framework: optimizing the penalized likelihood corresponds to
the maximize-a-posteriori (MAP) process with certain prior. To be more
specific, minimizing Equation (1.1) is equivalent as maximizing the following

objective function:

exp{—L(8)} = exp{—|ly — XB||*} exp{—Pen,(8)},

where the first term is proportional to the likelihood when variance o2 is

fixed, and the second term can be viewed as a prior assigned for coefficients
B. The minus logarithm of the prior distribution can be interpreted as the

penalty term,

Peny(B) = —logm(B | A). (1.2)

For example, the LASSO penalty corresponds to the double exponential
(Laplace) prior for (3 | A) = exp{—A|3|}, which is essentially a scale mix-
ture of normals with an exponential mixing density. The Bayesian analogue
to LASSO was proposed by (Park and Casella, 2008). While the frequen-
tist LASSO chooses the shrinkage parameter A by cross validation, (Park
and Casella, 2008) suggested using either empirical Bayes through marginal
maximum likelihood or a diffusing hyper-prior (for example Gamma prior on
A?). Another method adapted from the recent proposed penalized likelihood
approach is Bayesian Elastic net (Zou and Hastie, 2005; Li and Lin, 2010)



which uses a compromise of the Gaussian and Laplacian prior on 3 that is
related to a mixture of the L; and Ly penalty.

Despite the similarity, the sparsity feature of LASSO and elastic net is not
transmitted to their Bayesian analogues. For variable selection, Bayesian
regularization approaches need a hard shrinkage to zero out redundant vari-
ables, for example the credible interval criterion and the scaled neighborhood

criterion suggested in (Li and Lin, 2010).

1.3 Bayesian Hierarchical Formulation

Bayesian hierarchical model is another framework of variable selection which
introduces a p-dimensional binary vector 4 = (71,...,7,)" as a model index:
v; = 1 if the 5 variable is included and 0 if not. Let p, = > ;7 denote the
size of the variable set v, X, denote the n x p, design matrix which includes
only the variables entering the model «, and 3, be the py x 1 vector that

corresponds to the coefficients. Then the linear model becomes:

y~ Nn(X'y/B'w U2In)-

The two key issues in this Bayesian approach are 1) the prior choice,
and 2) computation of the posterior (Clyde and George, 2004). A popular
choice of the prior on the model index 7(«) is the product of independent
Bernoulli distributions. The conjugate Zellner’s “g-prior” (Zellner, 1986) and
the “spike-and-slab” prior are widely-used for 7(3 | 4) the prior of the co-
efficient given the model index, which is further elaborated in Section 1.3.1.
After specifying the priors on all the unknowns, the Bayesian approaches
make inference on the posterior distribution of ~ (Zellner, 1971; Mitchell
and Beauchamp, 1988; George, 2000; Liang et al., 2008) to select variables.
Among a variety of posterior summary measures, two most common strate-
gies are the median probability model (MPM) (Barbieri and Berger, 2004)
that includes all variables with p(v; | y) > 0.5, and the highest posterior den-
sity (HPD) model that selects the model with the highest posterior density

Py |y)



1.3.1 The prior choices

In the Bayesian hierarchical formulation, a popular prior choice is the inde-

pendent Bernoulli distribution for each ~;,

7(y;) = Bern(6;),

where 6 = (0y,...,0,) is a p x 1 hyper-parameter vector that contributes
to small fraction of the sparsity and thereby can be used to incorporate the
prior knowledge. Choosing small 8 leads to a sparse solution. To give more
flexibility, one can put another layer of hierarchy on the hyper-parameter 6,

where the conjugate Beta prior is often used:
7(0) = Beta(a, b).

A more general prior of the model space is 7(y) = w,,/ (p’i ) where w,,_
is a prior weight put on models of size p, (Chipman et al., 2001). Given
the model size, all possible models of the same size are equally likely. The
weights wy, reflect user’s preference on sparsity. One can put more weight
on smaller size if a parsimonious solution is favored, one example being the
truncated Poisson prior (Denison et al., 1998).

The prior of the coefficient 3 given -« has the following popular choices.

Zellner’s g-prior (Zellner, 1986) is a conjugate prior that attracted a lot

attention.
p(/ﬁ’)‘ | 779) = pr(07902(X3X7)_1)7

where ¢ is a tuning parameter that controls the expected size of the
effects. Such prior allows efficient MH algorithms for computing the
posterior (George and McCulloch, 1997; Smith and Kohn, 1996), how-
ever has the limitation of inconsistency in model comparison (Berger
et al., 2001).

Spike-and-slab prior (Mitchell and Beauchamp, 1988) is another widely
applied prior for the coefficients:

m(Bjlv;) = (1 = ;)00(8;) + vim1(B)),

where dg(-) is the Kronecker delta function. The prior has two com-



ponents: the “spike” component that puts probability mass at 0 and
shrinks the coefficients of all the irrelevant variables to 0, and the “slab”
component that has a continuous prior distribution 7 (-) and induces
soft shrinkage on the large effects. In the original form, the “slab” com-
ponent is a uniform diffusive distribution although other alternatives

are more common for example the Gaussian distribution.

Continuous spike-and-slab prior (George and McCulloch, 1993) is a con-
tinuous relaxation of the spike-and-slab prior to address the intractabil-
ity issue, where the delta function is replaced by a spiky normal distri-

bution.

m(B;17;) = (1 = 3)IN(B; | 0,007%) + % N(B; | 0,0177),

where vy and vy are two tuning parameters that control the relative
size of signal and noise 0 < vy < v;. In its original form, 72 is a fixed
hyper-parameter. (Ishwaran and Rao, 2003) suggested to assign an

2

Inverse-Gamma (IG) prior on 7% and set v; = 1 for standardized X

and y in the linear regression model.

1.3.2 Connection to regularization

The Bayesian regularization methods are different from the Bayesian hierar-
chical framework because they do not treat the model index as parameters
nor assign prior over the model space, but make inference based on the
posterior of coefficients. Albeit the difference, we can discuss the Bayesian
regularization of the continuous spike-and-slab prior by translating it to a
penalty function (1.2). Integrating out +;, we write the spike-and-slab prior

(3.4) as a mixture of two normal distributions,

n(Bj 1 0,0%) = 06(8;;0,v10%) + (1 — 0)$(8;; 0, v00%), (1.3)

where ¢(+; i, 72) denotes the pdf of N(u,72). In Figure 1.1, we plot the neg-
ative logarithm of the prior in (1.3) with # = 1/2 and 0? = 1 for various
choices of vy and vy; we also shift the curves by log (0|6, 0?) so that the
penalty at 8; = 0 is zero. Compared with the popular L; penalty or equiv-

alently the Double Exponential prior, the two-component normal mixture



prior (1.3) has an attractive feature from a regularization point of view: it
reaches a plateau when [ is large therefore less bias for estimation, and gives
rise to a continuous approximation of the Ly penalty, although not convex.
The Bayesian penalties for g-prior and the spike-and-slab prior are similar

to Ly penalty like AIC/BIC.

- log(prior)

Penalty

/ — v0=0.01, v1=5
/ - - v0=0.01, v1=10
L .-+ v0=0.04, v1=10
o -=- v0=0.04, v1=20
T T T T T
0.0 05 1.0 15 2.0

Figure 1.1: A graphical display of the penalty function associated with the
two-component normal mixture prior (1.3) for various choices of vy and v;.

Let By be the OLS estimator of the normal mean model with only one

observation, By = y. Then the posterior mean is

~

B = EB|B)=¢EB[y=10)+1-¢)EB|v=005)

(%1 Vo
p— 1_
¢1+v1/80+( ¢)1+v0ﬂ0’8

where ¢ = 7(y = 1|f), and log%Zj = N(5o;0,1 4+ v1)/N(Bo; 0,1 4+ vp). In
Figure 1.2, we plot the truncated posterior mean 3 = - 1{4>1/2) versus
the OLS estimator 3 for various choices of vg and v;. The advantage of the
Bayesian penalty is that it both returns a sparse solution and has diminishing

bias, which are the desired properties discussed in (Fan and Li, 2001).
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beta_hat

beta_OLS

Figure 1.2: A graphical display of the truncated posterior mean B in y-axis
versus the OLS estimator [y in x-axis with the two-component normal
mixture prior (1.3) for various choices of vy and v;.

1.4 Posterior Computation

1.4.1 Sampling approaches

To find out the most probable model, the exhaustive or step-wise search over
the whole model space is impractical as the space size 2P grows too rapidly
with the dimension. Early efforts to address the scalability issue include
importance sampling and brand-and-bound reduction strategies. Then the
invention of MCMC techniques (including Gibbs sampler and Metropolis
Hasting) brings about a proliferation of stochastic alternatives for searching
the highest probability model, since a sequence of models v, 42 ~®)
could be simulated such that their empirical distribution converges to the
posterior p(v | y). One of the appealing features of MCMC is that it releases
the close-form requirement for the posterior and thereby welcomes a wide
variety of priors. However, the Metropolis Hasting using the conjugate priors
is more practical, due to the advantage of rapid computation of marginal

likelihood p(y | ) in the following steps.

1. Given the Markov chain v, ~@ . ~®)  propose a new model v*

8



from the proposal distribution j(~* | ).

k+1)

2. Let v+t1) = ~* with probability below, otherwise ~( remains ¥,

min{1. Py [Y)m(y) j(v | 7*)}'

py

2
A
2
<
=
2

Markov chain Monte Carlo model composition (MC?) (Madigan et al.,
1995) is one Metropolis Hasting algorithm that proposes a new model v*

differing from the current ~ by one variable and accept it with the rate

p(y*ly)
p(vly)

Marginalizing out the parameters 8 and searching over a discrete 2P model

min{1, }, which has the close-form in conjugate prior setup.
space cause the model space approaches prone to be trapped within local
peaks. Recent development to address this issue includes 1) adopting the
“tempering” idea from physics that runs a population of tempered chains in
parallel with flattened peaks such as Population-based MCMC (Jasra et al.,
2007) and Evolutionary MCMC (Liang and Wong, 2000), and 2) combining
Oscar’s Razor idea with Metropolis Hasting routine to determine a bigger
set of best models such as Shortgun Stochastic Search (Hans et al., 2007).
Some other model space approaches explore the model space and the pa-
rameter space simultaneously, which eases the odds of being trapped around
local optima, but the difficulty is that the dimension of parameter space
changes at every step. Reversible Jump MCMC (Green and Hastie, 2009)
can be used to adjust the dimension of B, dynamically. A Gibbs sampler
method was proposed by (Carlin and Chib, 1995) and further extended to
Gibbs variable selection (GVS) (Dellaportas et al., 2000), where a continu-
ous spike-and-slab prior is used but the “spike” part is “pseudo-prior” mean-
ing that the corresponding coefficients do not contribute to the predictor.
Stochastic Search Variable Selection (SSVS) (George and McCulloch, 1993)
is another Gibbs sampling approach on Bayesian hierarchical mixture model.
Although both adopted the continuous version of spike-and-slab prior, SSVS
is different from GVS in the sense that the coefficients 3; given «; = 0 of the

former approach actually influence the posterior.



1.4.2 MAP estimation

Facing the increasing demand on scalability from various applications, the
Bayesian approach for variable selection has one limitation, that is MCMC
algorithms are computationally heavy and hard to scale with large data. In
many real applications, computing the exact posterior distribution is time-
consuming and unnecessary, so we turn our focus to the MAP estimation
(EM algorithm) or the approximation approaches for fast solutions.

In the regularization framework, the key is to maximize a penalized likeli-
hood which can be done based on the local quadratic approximation (LQA)
(Fan and Li, 2001). Hunter and Li (2005) noted that LQA has a nat-
ural connection with the minorization-maximization (MM) algorithm and
furthermore modified LQA algorithm by adding a perturbation to render
the objective function differentiable. Griffin and Brown (2005) adopted the
Bayesian shrinkage prior and proposed an EM algorithm corresponding to
LQA. However, there is a gap in the Bayesian hierarchical framework for
the EM-like variable selection algorithm until recently Rockovd and George
(2014) proposed an efficient EM algorithm EMVS which adopts the continu-
ous “spike-and-slab” prior on 3. The continuity of the prior on 3 turns out
to be crucial for fast algorithms. To obtain the estimation of the model index
~, EMVS uses a two-stage approach: first use the EM algorithm to obtain
the MAP estimator of 3, then use a threshold to select the desired subset of
variables.

Motivated by (Rockovd and George, 2014), we propose an efficient EM
algorithm that can return the MAP estimator of the model index - directly,
instead of a two-stage approach. Our EM algorithm is very fast and scales
easily due to a novel computation trick that avoids inverting a large p X p
matrix in each iteration. We further proposed an ensemble version of the
EM algorithm based on Bayesian bootstrap BBEM. The main idea is to
repeatedly apply a stochastic version of the EM algorithm on a subset of
the data (the Bayesian bootstrap samples), and then aggregate the variable
selection results across the bootstrap samples to improve the accuracy. The

details are given in Chapter 2.

10



1.4.3 Approximation approaches

The MAP procedure is very fast in computation but only provides a point
estimation. When the full posterior distribution is preferred, we consider the
approximation approaches. Variational Bayes (VB) and Expectation prop-
agation (EP) are two closely-related techniques for posterior approximation
yet show advantages in different scenario. The approximation approaches
introduce a factorized distribution ) and update each component in @) se-
quentially to minimize the Kullback-Leibler (KL) divergence between () and
the true posterior P until convergence. The KL divergence (Kullback and

Leibler, 1951) is a non-negative, asymmetric metric defined as:

P(z)
Q(x)

A fundamental difference between VB and EP is that the objective func-
tion of the former approach is KL(Q||P) whereas the latter working on
KL(P||Q). Other extensions include power EP (Minka, 2004) that based

on the a-divergence:

KL(P||Q) = / P(2)log 2% gy

DuPIO) = s (1 [ Pl —as)

with a — 0 corresponding to VB, a — 1 corresponding to EP and a = 0.5
corresponding to the Hellinger distance.
In the context of linear model, with the variance parameter o2 and the

Bernoulli parameter 6 fixed, the full posterior is

(v, B |y) x<ply | B)m(B | v)7 (7).

The EP approach factorizes () by:

B)=]]ww.B H (Bj:75)4
=1 7=1

where ¢;(yi, 8), ¢;(8;,7;) and ¢() correspond to the likelihood term p(y; |
B), the prior 7(53;) and m(vy) respectively. Herndndez-Lobato et al. (2010,
2013) introduced an efficient EP algorithm for multi-task feature selection

and group feature selection that use a generalized spike-and-slab prior with
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a point mass component. Recently, Andersen et al. (2014) proposed another
EP framework for Bayesian feature selection that uses a structured spike-
and-slab prior to incorporate the prior knowledge of the sparsity pattern.
Carbonetto et al. (2012) introduced a VB approach for variable selection
that adopts the original spike-and-slab prior and factorizes () in the following

form,
p

Q.8 =[] a1

j=1
The use of the point mass component demands the dependency of ; and ~;
in ) due to the non-conjugate prior.

In Chapter 3, we propose a hybrid framework of VB and EM for scalable
Bayesian variable selection called SAB that adopts the continuous spike-and-
slab prior. Unlike (Carbonetto et al., 2012), we factorize the approximate

function @ in the following way,

p

Q.8 =aB [[alw)-

j=1

The optimal ¢(3) and ¢(v;) are in the multivariate Normal family and the
Bernoulli family respectively, which are conjugate to the priors. In this ap-
proach, we assume independence between 3 and - for the approximate pos-
terior, which entails () cannot be as close as to P but the convergence is
guaranteed due to convexity. Instead of reporting just a single model, the
SAB algorithm returns the posterior probabilities of 7, which provides more
flexibility on model inference such as model ranking, FDR control and model
averaging.

As a trade-off between computation cost and accuracy, we do not expect
that the VB algorithm obtains the exact posterior distribution like MCMC
methods. Instead we are looking for a good approximation of the posterior
distribution. Here by “good”, we mean that the result from SAB, albeit
an approximation, achieves the desired asymptotic properties, such as the
selection consistency and the oracle property. The asymptotic analysis of

the SAB algorithm for high dimensional data (p > n) is given in Chapter 4.
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1.5 Extension to Generalized Linear Model

In Chapter 5, we discuss the extension of our Bayesian variable selection
framework to the Generalized Linear Model (GLM). Logistic regression is
the most commonly used method to model binary response data. But trans-
forming the nicely-built algorithms from linear regression to logistic model is
not always straightforward. In the Bayesian framework, the difficulty mainly
comes from the non-conjugate likelihood. Several solutions have been pro-
posed from one of the three basic ideas: the MAP estimation, sampling
algorithms or approximation approaches. To be more specific, the MAP pro-
cedure provides a point estimator which is fast but surely misses out some
information of the whole posterior. The sampling method uses a Metropo-
lis Hasting algorithm to sample from the posterior, which is more accurate
and informative but notorious for its slow mixing time. The approximation
approach, on the other hand, uses different factorization functions (often
connect to the exponential family) to approximate the posterior, for example
the probit approximation or Laplace approximation.

A recent work by (Polson et al., 2013) introduced an auxiliary variable from
Polya-Gamma distribution in the GLM specification. Given that auxiliary
variable, the logistic likelihood is valued as Normal densities, which bypasses
the non-conjugate issue so that the parameters and latent variables can be
updated using an EM algorithm. But in the scenario of variable selection,
this method has a drawback, that is for sparse data, if a variable with small
coefficient estimation is deleted, it cannot reenter the model.

Based on the Polya-Gamma method, we propose a hybrid framework of
VB and EM for logistic variable selection that adopts the continuous spike-
and-slab prior in Chapter 5. We also show an equivalence between the Polya-
Gamma method and the local approximation method (Bishop, 2006) for VB

in logistic model.
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Chapter 2

EM and Ensemble

2.1 Introduction

Consider a simple linear regression model with Gaussian noise:
y=XB+e (2.1)

where y = (y1,...,yn)7 is the n x 1 response, e = (ey,...,e,)" is a vector
of iid Gaussian random variables with mean 0 and variance o2, and X is the
n X p design matrix. The unknown parameters are the regression parameter
B = (p,...,05,)" and the error variance ¢%. In many real applications such as
bioinformatics and image analysis, where linear regression models have been
routinely used, the number of potential predictors (i.e., p) is large but only a
small fraction of them is believed to be relevant. Therefore the linear model
(2.1) is often assumed to be “sparse” in the sense that most of the coefficients
B;’s are zero. Estimating the set of relevant variables, S = {j : ; # 0} is an
important problem in modern statistical analysis.

The Bayesian approach to variable selection is conceptually simple and
straightforward. First introduce a p-dimensional binary vector v = (71,...,7,
to index all the 2P sub-models, where ; = 1 if the jth variable is included
in this model and 0 if excluded. Usually 7;’s are modeled by independent
Bernoulli distributions. Given ~, a popular prior choice for 3 is the “spike
and slab” prior (Mitchell and Beauchamp, 1988):

50(5]')7 if Vi = 0;

m(B; | ) = _
g(ﬁj)? if Vi = 1,

(2.2)

where y(+) is the Kronecker delta function corresponding to the density func-

tion of a point mass at 0 and ¢ is a continuous density function. After
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specifying priors on all the unknowns, one needs to calculate the posterior
distribution. Most algorithms for Bayesian variable selection rely on MCMC
such as Gibbs or Metropolis Hasting to obtain the posterior distribution;
for a review on recent developments in this area, see O’Hara and Sillanpaa
(2009). MCMC algorithms, however, are insufficient to meet the growing de-
mand on scalability from real applications. Since the primary goal is variable
selection, we focus on efficient algorithms that return the MAP estimate of
v, as an alternative to these MCMC-based sampling methods that return
the whole posterior distribution on all the unknown parameters.

Recently, Rockova and George (2014) proposed a simple, elegant EM al-
gorithm for Bayesian variable selection. They adopted a continuous version
of the “spike and slab” prior—the spike component in (2.2) is replaced by
a normal distribution with a small variance (George and McCulloch, 1993),
and proposed an EM algorithm to obtain the MAP estimate of the regres-
sion coefficient 8. The MAP estimate QMAP, however, is not sparse, so an
additional thresholding step is needed to estimate ~.

In this chapter, we develop an EM algorithm that directly returns the
MAP estimate of 4, so no further thresholding is needed. We adopt the
same continuous “spike and slab” prior. Different from the algorithm by
Rockova and George (2014) that returns BMAP by treating ~ as latent, our
algorithm returns the MAP estimate of the model index, 4\ap, by treating
B as latent. The special structure of our EM algorithm allows us to use a
computational trick to avoid inverting a big matrix at each iteration, which
seems unavoidable in the algorithm by Rockova and George (2014). Further
we can show that the 4yap achieves asymptotic consistency even when p
diverges to infinity with the sample size n.

Although shown to achieve selection consistency, in practice, our EM al-
gorithm could get stuck at a local mode due to the large discrete space in
which ~ lies. Borrowing the idea of bagging, we propose an ensemble version
of our EM algorithm (which we call BBEM): apply the algorithm on multiple
Bayesian bootstrap (BB) copies of the data, and then aggregate the variable
selection results. Bayesian bootstrap for variable selection was explored be-
fore by Clyde and Lee (2001) for the purpose of prediction, where models
built on different bootstrap copies are combined to predict the response. But
the focus of our approach is to summarize the evidence for variable relevance

from multiple BB copies, which is similar in nature to several frequentist
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ensemble methods for variable selection, such as the AIC ensemble (Zhu and
Chipman, 2006), stability selection (Meinshausen and Bithlmann, 2010), and
random Lasso (Wang et al., 2011).

The remaining of the paper is organized as follows. Section 2 describes
the EM algorithm in detail, Section 3 presents the asymptotic results, and
Section 4 describes the BBEM algorithm. Empirical studies are presented in

Section 5 and conclusions and remarks in Section 6.

2.2 Method

2.2.1 Prior specification
We adopt the continuous version of “spike and slab” prior for 3, i.e. a

mixture of two normal components with mean zero and different variances:

N(0, 0%vg), if v; = 0;
m(Bj | 0,75) = Y (2.3)
N(0,0%vy), ifv; =1,

where v; > vy > 0. Alternatively, we can write the prior on 3 as

71—(ﬁj ‘ 0277]') - N(()?Uzd’yg')v

where
dy; = 501 + (1 = ;)00

The choice of tuning parameters vy and v; is discussed in Section 2.5.
For the remaining parameters, we specify independent Bernoulli priors on
elements of 7, and conjugate priors like Beta and Inverse Gamma on 6 and

o2, respectively:

(v |6) = Bern(d),
7m(0) = Beta(ap,bo),
102 = 1G(10/2, to)o/2).

For hyper-parameters (ag, by, o, Ao ), we suggest the following non-informative
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choices unless prior knowledge is available:

a0:b0: 11, Z/OI)\OZ . (24)

2.2.2 The EM algorithm

With the Gaussian model and prior distributions specified above, we can

write down the full posterior distribution:

w(v.8,0,0% |y) o py | B.0%) x (B o,7) x 7(y |0) x 7(0) x m(c?).

Treating 3 as the latent variable, we derive an EM algorithm that returns
the MAP estimation of parameters © = (v, 02, ), whereas the roles of 3 and
~ are switched in Rockovd and George (2014).

E Step

The objective function @ at the (t+ 1)-th iteration in an EM algorithm is de-
fined as the integrated logarithm of the full posterior with respect to 8 given

y and the parameter values from the previous iteration ©® = (4, O'(Qt), 6®),

ie.,
QO 10") = Egewylogm(©,8|y)
L g XA|* -~ F(©), (25
—55Egeny |y = X8| +;@]+ ©), (2.5)
where
n+p 1 <&
_ 2
FO) = — 5 log o —§Zlogdw+log7r(7]9)

j=1
+log 7(0) + log m(c*) + Constant

is a function of © not depending on 3.
It is easy to show that 3 follows a Normal distribution with mean m and

covariance matrix J(Qt)V, given ©® and y, where

m = V !XTy, V:(XTX+D:/<1t))_1, (2.6)

D = dia (d )p = dia ( 1y +(1-— (t))v )p
v = gl ., m i g7 U V5 )vo

J 7=1
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Then the two expectation terms in (2.5) can be expressed as:

Saony Iy =8I = o0V +ly X, @
P B2 V —|—m

Egowy d == = § & 2.8

ety j=1 dy, =1 )vo +7]()v1 25

M Step

We sequentially update parameters (7, 0, o) to maximize the objective func-
tion Q.

1. Update v;’s. The terms involving v, in (2.5) are

B3?

1 1
Emg(t),y |:d—]:| — 5 log d»yj + lOg 7T(’}/j | e(t)) (29)
i

T 5 2
20( "

Plug in 7; = 0 and 7; = 1 to (2.9) respectively, then we have

W =1, if Egewy[s?] >r®, (2.10)
where ) “
o pt
) — ¢(1 L9 >
" 1/’00—1/?]1 08 Vo Ogl—Q(t

2. Update (02,6). Given vV the updating equations for the other two

parameters are given by

Egjo,y Iy = XBI* + X0, 8/ o0 | + ke
n+p-+ vy

2
O(t+1) =

,(2.11)

Zé'):l ’YJ('tH) +ap—1

9(t+1) —
p+ag+ b() —2

(2.12)

Stopping Rule

The EM algorithm alternates between the E-step and M-step until conver-
gence. A natural stopping criterion is to check whether the change of the
objective function @ is small. To reduce the computation cost for evaluating
the @ function, we adopt a different stopping rule as our main focus is v: we

stop our algorithm when the estimate ) stays the same for k, iterations.
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In practice, we suggest to set kg = 3. The pseudo code of this EM algorithm

is summarized in Algorithm 1.

Algorithm 1: EM Algorithm
Input: X, Y, Yo, V1, ap, b(), o, )\0
Initialize ©©;
E-step: Calculate the two expectations in (2.7) and (2.8), denoted as
EE©).
for t = 1 : mazlter do
M-step: Update O from Eq (2.10, 2.11,teq:thel);
E-step: Update EE® from Eq (2.7, 2.8);
if v stays the same for ko = 3 iterations then
‘ break;
end
end
Return v, m, V;

2.2.3 Computation cost

At each E-step, updating the posterior of 3 given other parameters in (2.6)

requires inverting a p X p matrix
Vi = (X'X + D)™, (2.13)

which is the major computational burden of the algorithm. When p > n,
we can use the Sherman-Morrison-Woodbury formula to compute the inverse
of an n x n matrix. So the computation cost at each iteration is of order
O(min(n,p)3). Tt is, however, still time-consuming when both n and p are
large.

Note that the only thing that changes in (2.13) from iteration to iteration
is Dy, a diagonal matrix depending on the binary vector ~® " From our
experience, only a small fraction of 'yj(t)’s are changed at each iteration after
the first a couple of iterations. So the idea is to use the following recursive
formula to compute V ):

Vi = (X'X+D 4, + Dy — D)™
= (Vily+ Do — D)™ (2.14)

t
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where D;(lw — D;&_D is a diagonal matrix with the j-th diagonal entry being
non-zero only if the inclusion/exclusion status, i.e., the value of ~;, is changed
from the last iteration. Let [ denote the number of variables whose v; values
are changed from iteration (t—1) to t. Then D_é) —D‘é_n is a rank [ matrix.
¥ ¥

We can apply the Woodbury formula on (2.14) to reduce the computation
complexity from O(min(n,p)?) to O(I?).

For example, without loss of generality, suppose only the first [ covariates
have their v; values changed. Then, we can write

—1 —1 T
D,Y(t) - D,y(t—l) = prlAlxlU )

where A = (£ — %)diag(?yj(-t) — 1)}, and U consists of the first [ columns

vo

from I,. Applying the Woodbury formula, we have

V(t) = V(t—l) — V(t_l)U(Ail + UTV(t_l)U)ilUTV(t_l).

2.3 Asymptotic Analysis

In this section, we study the asymptotic property of 4,, the MAP estimate
of model index returned by our EM algorithm. Assume the data y, are

generated from a Gaussian regression model:

Yn ~ Nn (Xnﬁjp JQIn)-

Here we consider a triangular array set up: the dimension p = p, diverges
with n and the true coefficient 3 also vary with n. Suppose the true model
is indexed by =, where v, = 1if 8, # 0 and ~;,; = 0 if 3;; = 0. We show

that our EM algorithm has the following selection consistency property:
P, =~;) — 1, asn— oc.

First we list some regularity conditions needed in our proof. Let Apn(A)

denote the smallest eigenvalue of matrix A. We assume

(A1) On collinearity: let Apin(A) denote the smallest eigenvalue of matrix
A,
)‘miH(XZX’n)_I = O(n_ﬂ1)7 0< m < 1.
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In the traditional asymptotic setting where p is fixed, we have n; = 1.

(A2) On sparsity:
||/6:L||2 - O(nn2)7 0< N2 < M,

which controls the Ly norm of the true regression coefficient vector.

(A3) The beta-min condition:

lim inf min {|an|’ Tnj = 1}

n n(ﬁS*l)/2 2 M’ 0 S 173 < 1’

where M is a positive constant. This condition requires that the mini-

mal non-zero coefficient cannot go to zero at a rate faster than 1/y/n.

In the traditional asymptotic setting where 3; is fixed, we have 73 = 0.
(A4) On hyper-parameters: assume log[0,/(1 — 6,,)] and 62 are bounded.

This condition is purely technical for the simplicity of the proof. To sat-
isfy this condition, we could fix én and &,, at constant or set a threshold
to avoid them going to extreme. In simulations, we recommend (2.4)

as the choice for hyper-parameters unless p is large.

(A5) On tuning parameters: assume v is fixed at constant and vy satisfies

2
O<v0:O(n_T°), 1—173<7"0<min{771—a,§(771—772)},
where 0 < a < 1 is the rate of the dimension p = O(n?).

Theorem 2.1. Assume (A1-A5) and p = O(n®) where 0 < o < 1, then
the model returned by our EM algorithm, %,,, achieves the following selection
consistency,

P, =~;) —1, asn— oc. (2.15)

Proof. See Appendix. m

2.4 Bayesian Bootstrap

A common issue with EM algorithms is that they could be trapped at a local
maximum. There are some standard remedies available for dealing with this

issue, for instance, trying a set of different initial values or utilizing some more
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advanced optimization procedures at the M-step. Since our EM algorithm
is searching for the optimal « over a big discrete space, all p-dimensional
binary vectors, these remedies are less useful when p is large.

When doing optimization with =, a discrete vector, the resulting solution
is often not stable, i.e., has a large variance. Bagging is an easy but power-
ful method (Breiman, 1996) for variance reduction, which applies the same
algorithm on multiple bootstrap copies of the data, and then aggregates the
final results. We proposed the following ensemble EM algorithm, in which
we repeatedly run the EM variable selection algorithm, Algorithm 1 from
Section 2.2.2, on Bayesian bootstrap replicates.

The original bootstrap repeatedly samples data from the original data set
{(xi,y;) }_; with replacement, i.e., each observation (x;,y;) is sampled with
probability 1/n. In Bayesian bootstrap (Rubin, 1981), instead of sampling a
subset of the data, we assign a random weight w; to the i-th observation and
then fit a weighted least squares regression model on the whole data set. In
particular, following Rubin (1981), we generate the weights w = (wy, ..., wy,)

from a n-category Dirichlet distribution:
Wpx1 ~ Dir(1,---,1). (2.16)

When applying Algorithm 1 on a weighted linear regression model, all the
updating equations stay the same, except the updating equation (2.6) for the
posterior of 3, which should be changed to:

m = VX'diag(w)y, V = (X'diag(w)X + D;(lt))_l. (2.17)

Eq (2.7), the expectation of the weighted residual sum of squares, should also

be changed accordingly:

Ege® y ||y—XﬂHiv = oy tr(diag(w)XVX") +(y —Xm)” diag(w)(y —Xm).
(2.18)

It is well-known that in order to make the aggregation work, we should
control the correlation among estimates from bootstrap replicates. For ex-
ample, in random forest (Breiman, 2001), the number of variables used for
choosing the optimal split of a tree is restricted to a subset of the variables,

instead of using all p variables. A similar idea was implemented in Random
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Lasso (Wang et al., 2011), an ensemble algorithm for variable selection. In
the same spirit, we apply the EM algorithm only on a subset of the variables
at each Bayesian bootstrap iteration. A naive way is to randomly pick a
subset from the p variables. This, however, will be inefficient when p is large
and the true model is sparse, since it is likely most random subsets will not
contain any relevant variables. So we employ a biased sampling procedure:

sample the p variables based on a weight vector 7 that is defined as
et o [XTy] diag(X"X), (2.19)

that is, variables are sampled based on their marginal effect in a simple linear
regression.

The ensemble EM algorithm operates as follows. First we sample a random
set of L variables according to the probability vector 7, and draw a n x 1
bootstrap weight vector w from (2.16). Let X be the new data matrix with
the L columns. Then apply the EM algorithm on the bootstrap replicate
X with weight w. Let -, denote the model returned by the k-th Bayesian
bootstrap iteration, where the j-th position of ~; is 1 if the j-th variable is
selected and zero otherwise; of course, the j-th position is zero if the j-th
variable is not included in the initial L variables. Define the final variable

selection frequency for the p variables as

K
1
Gt = = ;%. (2.20)

We can report the final variable selection result by thresholding ¢;’s at some
fixed number, for example, a half. Or we can produce a path-plot of ¢ as
vp varies, which could be a useful tool to investigate the importance of each
variable. We illustrate this in our simulation study in Section 2.5.

As for the computational cost, the inversion of the L x L matrix in (2.17) is
a big improvement compared with that of a p x p matrix. By the same logic
as in Section 2.2.3, it can be further simplified to inverting a l-by-l1 matrix,
where | is the number of variables that changes their inclusion status, and 1

i L. The complete BBEM algorithm is summarized in Algorithm 2.
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Algorithm 2: BBEM Algorithm

Input: X, Y, Vo, V1, Gg, bo, 1, )\07 K, L

Compute the variable weight 7 from (2.19);

for k =1: K do

Generate a subset of L variables according to 7;

Make the replicate X* with the L variables;

Initialize @](60);

Generate bootstrap weight w from (2.16);

E-step: Calculate the two expectations in (2.8), denoted as EE,(;));
for t = 1 : mazlter do

M-step: Update ©\” from Eq (2.10, 2.11, 2.12);
E-step: Update EE,(:) from Eq (2.17, 2.18);
if 7,?) stays the same for kg = 3 iterations then

‘ break;
end

end

Record ’y,gt);
end
Return ¢ from Eq (2.20);

2.5 Empirical Results

In this section, we first compare the proposed EM algorithm (Algorithm 1)
with other popular methods on a widely used benchmark data set. Then we
compare BBEM (Algorithm 2) with other methods on two more challenging
data sets of larger dimensions. Finally, we applied BBEM on a restaurant
revenue data from a Kaggle competition, and showed that our algorithm
outperforms the benchmark from random forest.

For the hyper-parameters vy and vy, we set v; = 100 as fixed and tune
an appropriate value for vy either based on 5-fold cross-validation or BIC.
For the initial value of 0, we suggest to use 1/2 for ordinary problems, but
v/n/p for large-p problems. Given 0, the initial value of the binary vector
~(©
The initial value of o2 is set as 1. In addition, there are two bootstrap

is randomly generated from Bernoulli distribution with parameter §(©.

parameters: the total number of replicates K and the number of variables
used in each bootstrap L. For efficiency, the number of variables in each
bootstrap replicate should not exceed the sample size n. We use K = 100,

and L =n/2 if p is large and L = p is p is small.
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2.5.1 A widely used benchmark

First we apply our EM algorithm on a widely used benchmark data set
(Tibshirani, 1996), which has p = 8 variables, each from a standard nor-
mal distribution with pairwise correlation p(x;,x;) = 0.5, The response

variable is generated from
y = 3x1 + 1.5%X9 + 2X5 + €

where € ~ N(0, 0%).

Following Fan and Li (2001), we repeat the experiment 100 times under
two scenarios: (1) n = 40,0 = 3 and (2) n = 60,0 = 1. The result is
shown in Table 2.1, which reports the average number of zero-coefficients
(i.e., no selection) among signal variables (x1,X2,X5) and among noise vari-
ables, respectively. The results for SCAD1 (tuning parameter selected by
cross-validation), SCAD2 (tuning parameter fixed) and LASSO are taken
from (Fan and Li, 2001). In the first “small sample-size high noise” scenario,
our EM algorithm has the highest number of zero-coefficients among noise
variables, i.e., the lowest type I error. The average number of signal variables
missed by EM is slightly higher than SCAD1 (where the tuning parameter is
chosen by cross-validation) but less than SCAD2 (where the tuning parame-
ter is pre-fixed). But overall, our EM algorithm and the two SCAD methods
perform the best. In the second “large sample-size low noise” scenario, no
signal variables are missed by any method, but EM has the lowest type I
error.

Following (Wang et al., 2011) and (Xin and Zhu, 2012), we repeat the
experiment 100 times with the same sample size n = 50 but two different
noise levels: low noise level (o0 = 3) and high noise level (¢ = 6). Table
2.2 reports the minimum, median, maximum of being selected out of 100
simulations for the signal and the noise variables, respectively. Both Lasso
and random Lasso have a higher chance of selecting the signal variables, but
at the price of mistakenly including many noise variables. Overall, our EM
algorithm performs the best, along with PGA and stability selection, two

frequentist ensemble methods for variable selection.
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Method x; € Noise x; € Signal
(j=3,4,6,7.8) (j=1,2,5)

n=40,0=3

EM 4.55 0.24
SCAD1 4.20 0.21
SCAD2 4.31 0.27
LASSO 3.53 0.07
Oracle 5.00 0.00
n==600=1

EM 4.72 0.00
SCAD1 4.37 0.00
SCAD2 4.42 0.00
LASSO 3.56 0.00
Oracle 5.00 0.00

Table 2.1: A widely used benchmark. The average number of
zero-coefficients (i.e., no selection) out of 100 simulations for each types of
variable (Signal or Noise) are shown. The results other than EM (Alg 1)
are from (Fan and Li, 2001).

2.5.2 A highly-correlated data

Next we demonstrate our two algorithms on a highly-correlated example from
(Wang et al., 2011). The data has p = 40 variables and the response y is

generated from
y = 3x1 + 3X9 — 2x3 + 3xX4 + 3x5 — 2Xg + €,

where € ~ N(0,0?) and ¢ = 6. Each x; is generated from a standard nor-
mal with the following correlation structure among the first six signal vari-
ables: the signal variables are divided into two groups, V; = {x1,x2,x3} and
Vi = {x4, X5,Xg}; the within group correlation is 0.9 and the between-group
correlation is 0.

We repeat the simulation 100 times with n = 50 and n = 100, and the
results are summarized in Table 2.3. For this example, due to the high
correlation among features we expect ensemble methods to perform better.
Indeed, BBEM has the best performance in terms of selecting true signal
variables while controlling the error of including noise variables. The per-
formance of EM algorithm, although not the best, is also comparable with

other top ensemble methods like random Lasso from (Wang et al., 2011), and
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Method x; € Signal (j=1,2,5) x; € Noise (j=3,4,6,7,8)
Min Median Max | Min Median Max
n=>50,0c=3
EM 91 97 100 3 6 12
Lasso 99 100 100 48 55 61
Random Lasso 95 99 100 33 40 48
ST2E 89 96 100 4 12 20
PGA 82 98 100 4 7 11
Stability selection
Amin = 1 81 83 100 0 2 9
Amin = 0.5 90 98 100 4 8 22
n=>50,0=06
EM 53 67 91 6 10 14
Lasso 76 85 99 47 49 53
Random Lasso 92 94 100 40 48 58
ST2E 68 69 96 9 13 21
PGA 54 76 94 9 14 16
Stability selection
Amin = 1 59 61 92 4 8 18
Amin = 0.5 76 84 100 30 42 50

Table 2.2: A widely used benchmark. The min, median, max number of
being selected out of 100 simulations for each types of variable (Signal or
Noise) are shown. The results other than EM (Alg 1) are from (Xin and
Zhu, 2012).

T2E and PGA from (Xin and Zhu, 2012).

For illustration purpose, we apply BBEM on a data set with n = 50 and
vo varying from 107* to 1. Figure 2.1 shows the path-plot of the selection
frequency from BBEM. There is clearly a gap between the signal variables and
the noise ones. For a range of vy, from 0.001 to 0.02, BBEM can successfully
select the six true variables {xi,Xa,...,Xg} if we threshold the selection
frequency ¢; at 0.5.

Unlike the trumpet shape in LASSO, Figure 2.1 shows a hat shape for
BBEM. When vy is extremely small, the “spike” component is close to point
mass at 0. Intuitively, any nonzero coefficient should not be clustered to a
point mass component. But in the update equation (2.6), we find that the
posterior mean and variance of the coefficient 3 shrinkage to 0 very quickly
for small vg. In the update equation (2.10) for v;, the second moment of f3;
(left hand side) goes to zero faster than the threshold (right hand side). This
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Method x; € Signal (j= 1:6) x; € Noise

Min Median Max | Min Median Max
n=>50,0=06
Lasso 11 70 77 12 17 25
Random Lasso 84 96 97 11 21 30
ST2E 85 96 100 18 25 34
PGA 55 87 90 14 23 32
EM 65 85.5 89 4 10 13
BBEM 89 96 100 4 8 15
n=100,0=06
Lasso 8 84 88 12 22 31
Random Lasso 89 99 99 8 14 21
ST2E 93 100 100 14 21 27
PGA 40 85 92 13 22 33
EM 84 91 95 1 7 16
BBEM 95 99 100 4 9 14

Table 2.3: A highly-correlated data. The min, median, max number of
times being selected (i.e., no selection) out of 100 simulations for each type
of variables (Signal and Noise) are shown. The results other than EM and
BBEM are from (Xin and Zhu, 2012).

explains why the BBEM algorithm labels every variable as “not included”

when vy goes too small.

2.5.3 A Large-p small-n example

Finally we apply BBEM on a large-p small-n example from (Rockova and
George, 2014), where p = 1000 and n = 100. Each of the p features is
generated from a standard normal with pairwise correlation to be 0.6/

and the response y is generated from the following linear model:
y = X1 + 2Xo + 3x3 + €,

where € ~ N(0, 3).

For this large p example, we set the parameters in the BBEM algorithm
as follows: the initial value of 6 is y/n/p, the number of variables used in
each bootstrap iteration L = n/2 = 50 and the total number of replicates
K = 100. It is shown that cross-validation based on prediction accuracy
tends to include more noise variables (Wang et al., 2007). So, for this example

where the true model is known to be sparse, we choose to tune vy via BIC. For
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Figure 2.1: Highly-correlated data n = 50. A path-plot of the average
selection frequency when v, varies in the logarithm scale of base 10. Top 6
lines represent the true variables x;. and the bottom 3 lines represent the
maximum, median and minimum among the noise variables x7.49.

illustration purpose, we also include BBEM with a fixed tuning parameter
vp = 0.03 in the comparison group. We compare BBEM with the EMVS
algorithm from (Rockovd and George, 2014), which is implemented by us
using the annealing technique for @’s initialization, and fixed vy = 0.5, v; =
1000 as suggested in (Rockova and George, 2014).

Table 2.4 reports the average number of signal and noise variables being se-
lected over 100 iterations for each method. BBEM with BIC tuning performs
the best: it selects 2.99 signal variables out of 3 on average (i.e., only miss
one variable, the weakest signal x;, once in all 100 iterations) and meanwhile
has the smallest type I error. The BBEM algorithm with a fixed tuning pa-
rameter has a similar result as EMVS but is much faster. The computation
advantage for BBEM comes from two aspects: the computation trick that
reduces the computation cost on matrix inversion and the sub-sampling step
in Bayesian bootstrap which allows us to deal with just a subset of variables

of size smaller than p.
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xj € Signal z; € Noise
BBEM (BIC) 2.99 0.24
BBEM (vg = 0.03) 2.96 0.27
EMVS 2.97 0.29
Oracle 3 0

Table 2.4: A large-p small-n example. The table shows the average number
of signal and noise variables being selected out of 100 iterations. In BBEM,
v is either chosen by BIC or fixed at 0.03. EMVS is the algorithm
proposed by Rockova and George (2014).

2.5.4 A real example

For TFI, a company that owns some of the world’s most well-known brands
like Burger King and Arby’s, decisions on where to open new restaurants
are crucial. It usually takes a big investment of both time and capital at
the beginning to set up a new restaurant. If a wrong location is chosen,
likely the restaurant will soon be closed and all the initial investment will
be lost. TFI hosted a prediction competition on Kaggle!, where the goal is
to build a mathematical model to predict the revenue of a restaurant based
on a set of demographic, real estate, and commercial information. The data
contains 137 restaurants in the training set and 1000 restaurants in the test
set. Features include the Open Date, City, City Group, Restaurant Type, and
three categories of obfuscated data (P1-P37, numeric): demographic data,
real estate data, and commercial data. The response is the transformed
restaurant revenue in a given year.

We first transform the “Open Date” to a numeric feature called “Year Since
1900” and merge the “City” column into the “City Group” column which now
contains four categories: Istanbul, Izmir, Ankara, and others (small cities).
Then we crate dummy variables for the categorical features like “City Group”
and “Restaurant Type” and keep all the obfuscated numeric columns P1-P37.
The final training set has 43 features and 137 samples.

After standardizing the data, we fix v; at 100 and tune vy from 10745 to
107%5 for the BBEM algorithm, where each bootstrap sample uses L = 15
variables, and the total number of replicates is K = 300. The path-plot of
selection frequency for important features is shown in Figure 2.2. It is not

surprising that “City Group”, “Years Since 1900” and “Restaurant Type” are

'https://www.kaggle.com/c/restaurant-revenue-prediction
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some important predictors for the revenue. Quite a few obfuscated features

are also selected as important predictors. Although we do not know their

meanings, they should provide valuable information for TFI to choose their

next restaurant’s location.
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Figure 2.2: Restaurant data. The path plot of selection frequency when vy
varies in the logarithm scale of base 10. Only a subset of variables with

high selection frequencies are displayed.

Since the evaluation metric for this specific competition is based on the

rooted mean square error (RMSE), we use the same metric in our 5-fold cross-

validation. We tuned vy from the set {0.0001, 0.0002, 0.0005, 0.001, 0.002, 0.005, 0.01},

and found vy = 0.002 has the smallest RMSE score. Then we fix vy at 0.002,

and re-run BBEM on the whole training data. Let m denote the averaged

posterior mean of 3 from L bootstrap iterations, and -y the averaged selection

frequency for p variables. We then use m *~ (where * denotes element-wise

product) for prediction in the same spirit as the Bayesian model averaging.

Our final Kaggle score is 1989762.52, which outperforms the random forest
benchmark (RMSE=1998014.94) provided by Kaggle?. Tt is remarkable for

2At Kaggle, each team can submit their prediction and see the corresponding perfor-
mance on the test data many times, so one can easily obtain a good score by keep tweaking
the model to overfit the test data. For this reason, we did not compare our result with
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BBEM to outperform random forest considering that BBEM does not use

any nonlinear features but random forest does.

2.6 Discussion

Variable selection is an important problem in modern statistics. In this
chapter, we study the Bayesian approach to variable selection in the context
of multiple linear regression. We proposed an EM algorithm that returns the
MAP estimate of the set of relevant variables. The algorithm can be operated
very efficiently and therefore can scale up with big data. In addition, we
have shown that the MAP estimate from our algorithm provides a consistent
estimator of the true variable set even when the model dimension diverges
with the sample size. Further, we propose an ensemble version of our EM
algorithm based on Bayesian bootstrap, which, as demonstrated via real and
simulated examples, can substantially increase accuracy while maintaining
the computation efficiency.

Although we restrict our discussion for the linear model, the two algorithm
we proposed can be easily extended to other generalized linear models by
using latent variables (Polson and Scott, 2013), an interesting topic for future

research.

those “low” scores on the leaderboard provided by individual teams.
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Chapter 3

Variational Bayes

3.1 Introduction

Consider the following canonical setup for a linear regression model: given a
dependent variable Y and p independent predictor variables Xi,...,X,, we

model Y as

Y=Xi01+Xofa+ -+ X, 0, +¢ (3.1)

where the 3;’s are the unknown regression coefficients and the error term e
is often assumed to follow a normal distribution. A long-standing problem
in regression analysis is to identify variables that are truly (if the assumed
model is correct) or approximately relevant to the response Y, i.e., variables
whose coefficients §;’s are non-zero in equation (3.1).

Many variable selection methods are based on the framework of penalized
likelihood. In the context of linear regression, the penalized likelihood usually

takes the following form
p
RSS(8) + pr(ﬁj)a (3.2)
j=1

where RSS is the residual sum of squares and p,(-) is a penalty function
that depends on a tuning parameter A. With a proper choice of the penalty
function p,, the resulting estimate B that minimizes the objective function
(3.2) will have some components to be exactly 0. That is, variables are
automatically selected through the estimation of their regression coefficients.
Examples of such a framework include classical model selection procedures,
such as AIC and BIC, and modern procedures, such as Lasso (Tibshirani,
1996) and SCAD (Fan and Li, 2001).

There is a natural Bayesian interpretation of the penalized likelihood ap-

proach. The minimizer of the objective function (3.2) is the Maximum a
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Posteriori (MAP) estimator with respect to a prior distribution 7(5;) o<
exp{—px(;)}. For example, Lasso, which uses L; penalty, corresponds to a
Double Exponential prior on each ;.

In this chapter, however, we specify priors not only on 3;’s but also on the
model index ¥ = (71,...,7,), a p-dimensional binary vector, where v; = 1
means the j-th variable is included, and 0, otherwise. It is appealing to obtain
a posterior distribution over =, which will be useful not only for selecting
a single model (i.e., a point estimate of ), but also for a variety of other
inferences related to model uncertainty, such as model ranking, false discovery
rate (FDR) control, and model averaging when the goal is prediction (Draper,
1995; Raftery et al., 1997).

In our hierarchical prior specification, we start with assigning prior prob-
abilities 7(7) to « and then prior distributions 7(8|vy) to the parameters
given «. Popular choices of priors include the Bernoulli families for v; and
the spike-and-slab prior (Mitchell and Beauchamp, 1988) for f;, i.e.,

(B | vi) = 139(8;) + (1 —;)d0(55) (3.3)

where ¢(-) is usually the density function of a symmetric distribution like
normal distributions with mean 0, and dy(-) denotes the distribution function
of a point mass at 0. The likelihood and priors induce a joint distribution
over the data, the parameters, and the model space. Then, any inference
on variable sets (or models) can be made based on the posterior distribution
over -« given the observed data.

The posterior distribution on all the unknown parameters is usually not
in closed form except for some special cases, for example, when the design
matrix is orthogonal (Clyde et al., 1996). Instead, most Bayesian variable
selection algorithms are implemented through Markov chain Monte Carlo
(MCMC) algorithms (George and McCulloch, 1997; O’Hara and Sillanpéaé,
2009). The high computation cost of MCMC prohibits explorations over a
large number of predictors. In contrast, many fast algorithms are available
for variable selection in the penalized likelihood framework, such as the least-
angle regression (Efron et al., 2004), Stagewise Lasso (Zhao and Yu, 2007),
and the one-step local linear approximation (Zou and Li, 2008).

A breakthrough is made by (Rockova and George, 2014) recently for Bayesian

variable selection. In their work, they adopt the continuous version of spike-
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and-slab prior (George and McCulloch, 1993), in which the point mass dy(+)
in (3.3) is replaced by a normal density with a small variance. Replacing
an indicator function by a continuous density turns out to be crucial for the
development of a fast algorithm. Under such a prior specification, (Rockovéa
and George, 2014) developed an efficient EM algorithm for the MAP estimate
of 3. To obtain the inference on the variable set ~y, they propose a two-stage
approach: first use the EM algorithm to obtain an estimate of 3, and then
use a threshold to select the desired subset of variables.

In this chapter, we develop an efficient algorithm that returns the pos-
terior distribution over the variable set ~ directly, instead of a two-stage
approach. As a trade-off between the computation cost and accuracy, we
do not expect our new algorithm to return the exact posterior distribution
like those traditional MCMC algorithms, but a good approximation of the
posterior distribution. Here by “good”, we mean that what’s returned by our
algorithm, albeit an approximation, should still have the desired asymptotic
properties, such as asymptotic consistency.

The remaining of this chapter is arranged as follows. We close the intro-
duction with a motivating example in mRNA-miRNA regulations. Section
2 gives necessary background and setup for Bayesian variable selection and
introduces the SAB algorithm. Section 3 investigates the performance of
SAB using simulated and real-world examples. An application of SAB to the
mRNA-miRNA regulations is presented in Section 4. We conclude with a

brief discussion in Section 5.

3.2 Method

3.2.1 Model and priors

Let y = (y1,...,%,)T denote n observations for the response variable and

assume the following normal linear regression model for y,
y~N, (X,@, 0-2In)’

where N,, denotes an n-variate normal distribution, X is an n X p design
matrix, and B and o? are the p x 1 unknown regression coefficients and error

variance, respectively. Without loss of generality, assume the data vector y
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and each column of X have mean 0 and sample variance 1; so we can drop
the intercept in the regression model.

The hierarchical priors are specified as follows:

~ N(0,v10?), ifvy; =1,
Bi | o® Ot ) (3:4)
~ N(0,v90°), ifv; =0,

;|8 ~ Bern(6), i=12,...,p,
0 ~ Beta(ao, bo),
0'2 ~ |G(V0/2,l/0/\0/2),

where Bern(f) is a Bernoulli distribution with mean 6, Beta(a,b) is a beta
distribution with mean a/(a + b), and 1G(a, b) represents an inverse gamma
distribution with mean b/(a — 1). In practice, we recommend the following
values for these hyper-parameters ag = by = 1, and vy = \g = 1.

Prior (3.4) on f; is the same as the one used in (Rockovd and George,
2014). The two parameters, v; and vy, describe the variability in 3; (relative
to the error variance o) when variable j is significant and not significant,
respectively. Therefore we restrict 0 < vy < v;. The normal component
N(0,v90?), corresponding to 7; = 0, can be viewed as a continuous relax-
ation of the point mass at zero used in the original spike-and-slab prior. The
motivation behind this continuous relaxation is twofold: computation and
applications. The former will be made clear in the upcoming discussion. For
the latter, in many applications, the dependence among the predictors X’s
and the dependence between X;’s and the response variable Y are compli-
cated and usually nonlinear. If we approximate the dependence between X;’s
and Y by a linear function, then most likely all the coefficients are non-zero.
So the goal of variable selection is to differentiate variables that have a strong
effect (i.e., |5;] is large) from variables have a weak effect (i.e., their |5;| is
small), which justifies the use of two normal components with non-zero vari-
ances, instead requiring the non-significant variables have an exactly zero

coeflicient.
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3.2.2 Posterior inference

When the primary goal is variable selection, we can integrate over 3 and

obtain the following marginal likelihood for each model:

oy | 7,0%) = / Dy | 7. B.0%)w(B | 7)dB
1

~1/2 1 -1
_ W|XD7XT +1] exp{ — 55y (XD,X" +1) y},

where D, is a diagonal matrix given by

p

D, = diag{(l — ¥j)vo + %‘01}

J=1

Then the joint posterior distribution over (v, c?,0) is then given by

w(y,0%,0 | y) < ply | v,0%)7 (v | 0)7(0)m(c?).

Although we can evaluate the posterior distribution for any fixed value of
(v,02%,0), any inference on the full posterior would need to rely on com-
putational algorithms. MCMC is one such algorithm although it is time-
consuming and difficult to scale to large data.

For variable selection, there is no need to obtain the joint posterior on all
the unknown parameters. What is relevant is the posterior distribution of the
variable subsets v’s. To reduce the computation cost, we consider plugging
in point estimates of the nuisance parameters (6, 0?), for example, the MAP
estimates:

(0,6%) = argmax (0,0 | y). (3.5)

Then inference on variable selection can be made based on the following

conditional posterior probability on each model ~:
A p A ~
(v |y.0.6%) = ply | v.0") [[ 07 (1 = ). (36)
j=1

For example, the corresponding MAP estimate of v is given by

VAP = argmax (v | y,0,6%), (3.7)
Y

and the Barbieri-Berger (BB) median model (Barbieri and Berger, 2004) is
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given by
ABB — 1 if (v, =11 y,6,62) > 0.5. (3.8)

J

When the dimension p is high, however, it is not computationally feasible
to solve (3.7) nor (3.8) by visiting all 2 models. This is further complicated
by the need to obtain 6 and 62, the maximum a posteriori (MAP) estimates
of § and o2.

We propose to take a variational approach to solve for m(~v|y, 6, 5?) instead.
We first establish a connection between the maximizer of an objective func-
tion and 7r(’y|y,é,€rQ) in Proposition 3.1 (Proof is given in Web Appendix
A), and then introduce the SAB algorithm in Section 2.3 to solve for the
maximizer. To start, let (v, 3) denote any joint distribution over v and 3.
Consider the following optimization problem in which we want to find the op-
timal distribution ¢(-,-) and parameters (6, 0?) that maximize the following

objective function:

7(v,8,0,0% | y)
q(v, B)

hla.0.0%) = [ a(.8)log vag.  (39)
Proposition 3.1. Suppose ¢*(7,8) is a mazimizer of (3.9). Then the cor-
responding marginal distribution over ~y, i.e., ¢*(v) = [q¢*(v,8)dB is the
same as the posterior distribution (v|y,0,62) defined in (3.6), where 6 and
62 are MAP estimates defined in (5.5).

3.2.3 A hybrid algorithm

Proposition 3.1 implies that it suffices to solve (3.9), in order to estimate the
posterior probability 7(v|y, 0, 62). In practice, to enable the tractability of
this optimization problem, we further approximate the joint posterior by a

product form:

4(B,7) = 11(B) (). (3.10)

The objective function (3.9) becomes

ply | B,0*)m(B | v, 0%)m(v | O)m(0)7(0?)

@ (8)g=(v) ’
(3.11)

where E{|, denotes taking expectation of a random variable W with respect

J(Qla 92, 97 02) = Egng IOg

to distribution ¢(w). Then we optimize (qi, go, 0, 0?) iteratively, until con-
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vergence.

Although the algorithm operates with the factorization restriction (3.10),
the two distributions ¢;(8) and ¢2(7) are not independent of each other,
instead they are iteratively estimated such that their product can approxi-
mate the joint posterior w(v,8 |y, 0, 62). As shown in the updating steps
given below, the parameters for ¢;(8) and the one for ¢(7) are clearly not
estimated independently.

We update the approximate posterior distributions ¢;(3) and go(y) based
on the following Lemma. Its proof follows as a known result for variational
methods, e.g., in (Bishop, 2006).

Lemma 3.1. Let p(y,0) = p(y|©)n(©) be the joint distribution function
over the data'y and the parameter © = (0y,...,0,,). For any parameter 0;,

the optimal distribution function q;(6;) that mazimizes

p(y, ©)
R ... R 7
o Om QI(QI) T Qm(gm)

s given by
_ e {Ei_jlogp(y,0)}
[ exp {E[_ﬂ log p(y, @)} db;

where E_j means taking expectation with respect to [], 4 q(0,), which are

q;(0;)

given, provided that the denominator above is finite.

[Update ¢;] Applying Lemma 3.1 we find the optimal ¢;(8) that maxi-

mizes (3.11) given (qo,0,62) as

log qi1(B) — const = EZ [logp(y | B,6%)7(B | ~,6%)]

1 o 1
- Ly - X8I - spas
_ _222 [67(XTX + A)B - 2yTX8] . (3.12)

Here A = EZ2D_" is a diagonal matrix with entry

A

J

el
Vo U1

where ¢; = P(y; = 1) is the marginal probability of v, = 1 with respect
to the distribution ¢a(7). The quadratic form in (3.12) suggests that ¢;(3)
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belongs to a normal family N,(m, D) and the mean and variance are given
by
m=(X"X+A)"'X"y, D=5*X"X+A)" (3.13)

[Update ¢3] Following the same updating rule in Lemma 3.1, the optimal
¢(7) given (g1, 0,52) has the following explicit form:

log ga() — const = Ef logm(B | v,6%)m(~ | 6)

p q1 02
1 1 E35; .
= E {fyj[——logful— 5 i —i—log@]

- 2 2(3'2 U1
Jj=1

1 1 EZ 5 X
+(1—7;) [ — §logv0 T 367w + log(1 — 9)} }

The equation above implies that ¢o(7y) is a product of independent Bern(¢,)

and the Bernoulli parameter ¢; satisfies

log

2 Slog 0 4 T ”( >+10g

0
— = =, 3.14
1—9¢;, 2 & V1 202 vg U1 0 ( )

where m; is the j-th component of vector m and Dj; is the j-th diagonal
value of matrix D. Although in (3.10) we do not assume g(y) can be fac-
torized into independent distributions over «;, it turns out that the optimal

approximation is achieved by independent Bernoulli distributions over each

Vi

[Update 6 and 02] A general updating rule for the expectation-maximization
(EM) algorithm (Dempster et al., 1977) can be applied for the update of the
the MAP estimates of 6§ and o. Specifically,

A~

0 = argmax,|EFELZ logn(y | 0)m(0 | ao,bo)]

_ Wt d (3.15)
p+(10+b0 ’ )
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and

7 = argmas, [EYEZ logp(y | B.0%)7(8 | 7,0%)n(0” | 10, )
_ E% [ly — XB* + 27—, Aj(m3 + Djj) + moho (3.16)
n+p+ v ’
where

Ej [ly — XB|* = [y — Xm|* + tr(X" DX).

The resulting algorithm is a hybrid of variational Bayesian (VB) algorithm,
using which we update ¢; and ¢, and an EM algorithm, using which we
update # and o2. We call our algorithm, Scalable Approximate Bayesian
(SAB) algorithm for variable selection. The entire SAB algorithm is given
in Algorithm 3 as psuedo code. Some details on the implementation of SAB,
such as the stopping criteria, choice for vy and vy, and fast computation tricks

are given in Wed Appendix B.

Algorithm 3: SAB for Variable Selection.
Input: X,y, vy, v1,ag, bo, Vo, Ao
Initialization ¢, my, Dy, 6y, 0¢;
for t = 1 : mazlter do

Update the approximate posterior parameters m®, D® ® from
equations (3.13) and (3.14);
Update the MAP estimator %), 6® from equations (3.15) and
(3.16);
if The stopping criterion (Appendiz B.2) is satisfied then

‘ break;
end

end

Remark 1. The major computation cost in SAB lies in the inversion of
the p x p matrix (X*X + A)~! in (3.13). The computation complexity
is of order O(min(n,p)?) for each iteration. When p > n we can use the
Sherman-Morrison-Woodbury formula to compute the inverse of an n x n
matrix instead. Note that the only thing in (XX + A) that changes from
iteration to iteration is A. From our experience, the change of some ¢;’s is
negligible after a couple of iterations. In order to scale up the computation,
we update only those ¢;’s whose change is greater than a threshold (e.g.,

0.01). With this modification, the objective function is not fully optimized
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but is still decreasing monotonically in each iteration. The advantage of this
sub-optimal updating rule is that we only need to invert an [ x [ matrix
with a computation cost of order O(I%) ;where [ is the number of ¢,’s that
are updated in that iteration, a number usually much smaller than min(n, p)

after a couple of initial iterations (see Web Appendix B for details).

Remark 2. SAB shares some similarities with the EM algorithm proposed
by (Rockovéd and George, 2014). They are, however, different in the following
aspects. First, the EM algorithm returns a point estimate of 3. Therefore,
in each iteration, only the first moment of 3 is used in the EM algorithm. In
contrast, SAB also utilizes the information from the second moment: updat-
ing ¢; in (3.14) uses both the posterior mean m and the posterior covariance
matrix D. Second, the underlying objective functions are different. While

SAB maximizes (3.11), the EM algorithm maximizes

ply | B,o*)n(B | v, 0%)w(vy | O)m(6)w(c0?)

G(B,q,0,0%) =E21o
(ﬂ q2 ) ~ g q2(7>

Y

which returns points estimates (8,6,62) with the optimal g(y) = 7(~y |
8,0, 62) being the posterior distribution over the 4 conditioning on (83, 0, 62).
Last, for variable selection, the EM algorithm is based on 7(~ | B,é,&2),
which is essential a two-stage approach: obtain the MAP estimate ,[;' via
EM and then test v; = 1 or 0 based on Bj. In contrast, SAB simultaneously
estimates the distribution of 3 and 7;’s. The updating scheme can be justified

as an iterative optimization procedure.

3.3 Asymptotic Analysis

In this Section, we investigate the asymptotic property of SAB regarding vari-
able selection. Assume y,, are generated from the following linear regression

model

where e,, is an n-dimensional random vector with each element independently
distributed as N(0,0?), and B = (84, .., B;TLP)T denotes the true regression
)T

coefficients. Define the true model index v* = (v7,...,7;)" as 7; = 0, if

p; = 0, and 1, otherwise. Throughout, the number of parameters p = p,, is
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allowed to diverge to infinity when n — oo.

We examine two types of variable selection consistency: the usual definition
of consistency that concerns whether the selected variables, as a set, form
a consistent estimator of the true variable set S, = {j : v, = 1}, and the
Bayesian consistency that concerns whether the posterior distribution on ~
converges to a point mass at the true model v*. The main results are stated

below with details on the conditions and proofs in the Web Appendix C.

Estimation consistency

Let S, denotes the estimate of S* based on SAB:

Sp={j:n; >05,5=1,...,n}

where ¢,; is the inclusion probability returned by SAB. Here we set the
cutoff value for ¢,; to be 0.5, that is, S, contains variables selected by the
Barbieri-Berger (BB) model (Barbieri and Berger, 2004). As shown in our
proof, the consistency result holds true with any other cutoff values between
0 and 1.

It can be shown that ¢,;’s returned by SAB satisfy: minjeg: ¢n; L
and max;g¢g: On; L 0, where L5 denotes convergence in probability, and
the probability measure corresponds to the true sampling distribution (3.17).
Therefore P(Sn = S}) — 1, that is, SAB achieves estimation consistency for

variable selection.

Theorem 3.1. Assume conditions (C1-C4), and p = O(n®) where 0 < o <
1. With vy fized at constant and vo = O(n~"°) with 1 —n3 < ro < min{n —
0, 20 — m2)/3}, we have

P(S, = S5) =1—o(e” M™% 5 1. (3.18)

n

Bayesian consistency

A Bayesian variable selection procedure is said to be consistent, if the poste-
rior distribution over < converges to a point mass at the true model index ~*
(Liang et al., 2008; Ferndndez et al., 2001). Recall that SAB approximates
the posterior distribution over 4 by a product of independent Bern(¢y;),
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namely,
p

¢(v) = H ZLJJ x (11— ¢nj)(17’yj)'

Jj=1

So SAB achieves Bayesian consistency for variable selection if

(") = [ 11 %H 11 (1—¢nj)] I

Jy=1 J;=0

or equivalently 1 — go(v*) 0.

Note that the point estimator 4,, defined as 4,; = 1 if ¢,; > 0.5 and
0 otherwise, is also the MAP estimator under g;. Theorem 3.1 has shown
that asymptotically the true model v* receives the highest posterior proba-
bility, but Bayesian consistency requires a stronger result: the true model v*
receives not the highest, but all posterior probability mass. Next we show
that SAB can achieve Bayesian consistency if v; grows to infinity at a certain
rate. A similar condition on v arises in the asymptotic analysis in (Narisetty
and He, 2014) where they study the Bayesian consistency based on the true
posterior (i.e., MCMC is required).

Theorem 3.2. With the same conditions for Theorem 3.1 and
vy =0(n™), withry >0, ro+r; >2a.

Then qa(;) .

3.4 Empirical Results

3.4.1 Simulation studies

In all the simulation studies, we center and scale the response vector y and
each column of the design matrix X to have sample mean 0 and sample
variance 1. We recommend to set v; = 1 and vy = 1/4/10np, and initialize
¢;’s as 0.5.

[Study 1] A widely used benchmark (n =40, p =8, py = 3).
This data set was first introduced by (Tibshirani, 1996), and has been used

as a benchmark data set in the variable selection literature. There are p = 8
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variables, X1,..., Xjg, each of which is from a standard normal with pairwise

correlation p(X;, X;) = 0.5/, The response variable Y is generated as
Y = 3X1 + 15X2 + 2X5 + €

where €’s are iid samples from N(0, 02).

We first apply SAB on data sets generated from this model with n = 40
and ¢ = 3. In order to study how the tuning parameter vy affects our
result, we vary vo from 10~ to 10°. The corresponding path for the inclusion
probability ¢, and the path for the mean coefficient m; (averaged over 20
iterations) are displayed in Figure 3.1. The path for m; is similar to the one
from LASSO. But unlike the trumpet shape for m;, the path for ¢, has the
shape of a tilted hat. When vy is very small or equivalently 1 /vy is very large,
the normal component N(0, vgo?) shrinks the posterior mean and variance of
each coefficient 3; to almost zero, consequently ¢; goes to 0, and therefore
no variable is selected. This is the same as LASSO with a very large penalty
parameter. When vy gets larger, important variables are selected one-by-
one. But when vy gets close to 1, the two normal components are no longer
distinguishable, so all ¢;’s converge to a constant. In this example, for a
wide range of vy, SAB can successfully select the three true variables, whose
paths are displayed in solid lines in Figure 3.1.

Next we fix vy = 1/4/10np = 0.0177 as the recommended value for SAB
and compare its performance with other methods regarding variable selection
accuracy. Like in (Fan and Li, 2001), we consider two cases: a challenge case
with a smaller sample size (n = 40) and a large error variance (0% = 3%),
and an easy case with a larger sample size (n = 60) and a smaller error
variance (02 = 1). The results of 100 simulations are summarized in Table
3.1, where results for methods other than SAB are taken from (Fan and
Li, 2001). The 1st column of Table 3.1 shows the average number of 0
coefficients among noise variables: the higher, the better, with the ideal value
5. Compared with SCADI1 (tuning parameter selected by cross-validation),
SCAD2 (tuning parameter fixed) and LASSO, SAB has the highest number
in the 1st column, that is, achieving the best performance in excluding noise
variables. The 2nd column of Table 3.1 shows the average number of 0
coefficients among correct, signal variables: the smaller, the better, with the

ideal value 0. When the signal-to-noise ratio is high (i.e., the 2nd case), both
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Figure 3.1: Left: The SAB path (averaged over 20 data sets) for the
posterior mean of 3; for data from Simulation Study 1 with n =40, p = 8§,
and o = 3. Right: The averaged SAB path for the inclusion probability ¢,.
In both plots, the paths of the 3 relevant variables, X;, X5 and X5, are
shown as solid lines and the paths for the other variables are shown as
dashed lines. The z-coordinate denotes vy changed in the logarithm scale of

base 10.

SAB and the other methods do well. When the signal-to-noise ratio is low
(i.e., the first case), the average number of correct variables missed by SAB
is less than SCAD but higher than LASSO. This is because LASSO uses
cross-validation to tune the regularization parameter and it is less likely to
miss important signal variables. But due to the same reason, LASSO tends

to include more noise variables—it has the smallest value for the 1st column.

[Study 2] A large p small n example (n = 100, p = 1000, py = 3)

We consider the following large p small n example from (Rockova and
George, 2014). There is a total of p = 1000 variables and each is generated
from a standard normal with pairwise correlation p(X;, X;) = 0.6/"=9l. The
response variable Y is generated according to a linear model involving only
three variables,

Y =X1+2X5+3X3+e,

where €’s are iid samples from N(0, 3).
We set vy = 0.001 and v; = 1 at the recommended values and compare
SAB with EMVS from (Rockova and George, 2014) over 30 iterations. The

result on variable selection is summarized Table 3.2. Regarding the accu-
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Method x; € Noise x; € Signal
(j=3,4,6,7,8) (j=1,2,5)

n=40,0=3

SAB 4.43 0.13
SCAD1 4.20 0.21
SCAD2 4.31 0.27
LASSO 3.53 0.07
n==600c=1

SAB 4.9 0.00
SCAD1 4.37 0.00
SCAD2 4.42 0.00
LASSO 3.56 0.00

Table 3.1: Study 1. The average number of 0 coefficients (i.e., no selection)
out of 100 simulations for each type of variables (Signal or Noise). The

ideal value is 5 for the 1st column and 0 for the 2nd column. The results of
SCAD1, SCAD2 and LASSO are taken from Fan and Li (2001).

racy for variable selection, SAB and EMVS perform similarly. However, the

computation time for SAB is much less.

x; € Signal z; € Noise Computation Time (s)
SAB 28.3 0.003 83.4
EMVS 28.0 0.002 278.7
Oracle 30.0 0.000 -

Table 3.2: Study 2. The frequencies of being selected (out of 30
simulations) for the two types of variables (Signal or Noise), where EMVS
is from (Rockova and George, 2014) and Oracle corresponds to the ideal
case where we know the true relevant variables. The last column records
the computation time on a Macbook Air (1.7 GHz Intel Core i5 and 4 GB
1333 MHz DDR3 memory).

[Study 3] The Zhao and Yu’s example (n = 1000, p = 3, pp = 2)

This is the example from (Zhao and Yu, 2006) where the sample size n is
large and the number of features p is relatively small but LASSO fails due to
the dependence among the predictors. Following (Zhao and Yu, 2006) , the
three variables (X7, X», X3) are generated as follows: X;, X, are independent
N(0, 1) random variables, and

2 2 1 )

X3 | X1, X NN(—X 2X,, —
3 | X1, Xo 3 1+3 2) 33
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The response variable Y is generated using
Y = 2X1 + 3X2 + €

where €’s are iid samples from N(0, 1).

In this example, the true variables are X; and X,. However, as shown in
(Zhao and Yu, 2006), no matter how one sets the regularization parameter,
LASSO either misses some true predictors or includes the noise predictor X3,
due to the correlation between X3 and the true predictors.

We apply SAB on this data set. We fixe v; = 1 and vary vy to produce the
SAB path for the inclusion probability ¢;’s. As shown in Figure 3.2, with a
wide range of vy, SAB can identify the true variable set which contains just
X; and Xs.

1.0

0.8
|

phi
0.6
1

04

0.2
x

log(v0)

Figure 3.2: Study 3. The SAB path for the inclusion probability ¢; on the
Zhao and Yu’s example, where the x-coordinate denotes vy changed in the
logarithm scale of base 10. In this example, the true variables are X; and
Xo.

3.4.2 Cancer genomics data on miRNA-mRNA

regulation

The Cancer Genome Atlas (TCGA, https://tcga-data.nci.nih.gov/tcga)
is supported by the National Cancer Institute and the National Human

Genome Research Institute to delineate the molecular landscape of tumor

48


https://tcga-data.nci.nih.gov/tcga

samples for more than 20 types of cancer (The Cancer Genome Atlas Net-
work, 2012, 2008). TCGA has been generating multi-layer genomics, epige-
nomics, and proteomics data for thousands of cancer patients. There are
different levels of data access for TCGA; while the access to most of the
level-1 and -2 data is restricted to protect patient privacy, the entire level-3
TCGA data as well as some patient clinical information (e.g., survival and
drug treatments) are publicly available. Level-3 TCGA data are normalized
measurements of genomics and epigenomics features, including mRNA gene
expression and miRNA expression. An miRNA (called “micro-RNA”) is a
small non-coding RNA of about 22 base pairs long. The main function of
miRNAs is to regulate the expression level of mRNAs (called “messenger
RNASs”), which are protein coding RNAs. The abundance level of mRNA
is important since it determines how many protein molecules are produced
in the human body. There are tens of thousands of different mRNAs and
hundreds of miRNAs in human cells. It is believed that multiple miRNAs
can bind to multiple mRNAs to either degrade the mRNAs into “junks” or
to block the translation from mRNAs to proteins, thus regulating the ex-
pression mRNAs and proteins (Bartel, 2004, 2009) The exact mechanism of
regulation is still an open research topic. In this chapter, we consider one
open question: which and how many miRNAs requlate which and how many
mRNAs? We plan to treat expression of each mRNA as a response variable
Y and miRNAs as predictors X, and analyze TCGA data retrieved from our
own software, TCGA-Assembler (Zhu et al., 2014) as a first analysis of the
most up-to-date cancer genomics data.

We plan to combine existing biological knowledge in our investigation to
improve the power of analysis. In particular, we will prescreen the miRNAs
and select the ones that potentially regulate the target gene using existing
databases of miRNA-mRNA regulation. These databases are produced by
biological and bioinformatics researchers based on either experimental inves-
tigation or literature mining. We will use information from two categories of
databases. The first category includes miRNA-mRNA regulation validated
by experimental results curated either manually or through text mining tools,
such as TarBase (Papadopoulos et al., 2009), miRWalk (Dweep et al., 2011),
and miRtarbase (Hsu et al., 2011). Because there is no high-throughput
and low-cost miRNA target screening technique available, the number of ex-

perimentally validated targets is low (Muniategui et al., 2013). The second
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category of databases collects miRNA-mRNA regulations based on the com-
plementary match between the miRNA seed region and the binding site in
the 3'UTR of mRNA. Representative examples include TargetScan (Fried-
man et al., 2009), miRBase (Griffiths-Jones et al., 2008), and PicTar (Krek
et al., 2005).

Background As the main application, we apply SAB to answer an impor-
tant question in cancer genomics: how miRNAs regulate mRNA expression
in a post transcriptional fashion. The central dogma of genetics states that
DNA transcribe to RNA and RNA translate to protein. The expression level
of messenger RNAs (mRNAs) affects the abundance of the corresponding
proteins in the cellular environment. Since proteins are building blocks of all
the tissues and organs, the proper expression of mRNA is important for main-
taining healthy status of a human being. A person having cancer typically
has abnormal expresion of certain mRNAs. For example, the expression of
mRNAs that suppress tumor growth might be reduced thus promoting tumor
growth and cancer. MicroRNAs (miRNAs) are non-coding, meaning they do
not translate to proteins. Their main function is to regulate the expression of
mRNAs. Imaging an mRNA being a straight line, miRNAs can bind to the
end of the line, called 3UTR, and cause a cascade of biochemical events that
could lead to the disintegration of the mRNA. Therefore, the abundance of
miRNAs could negatively link to the abundance of mRNAs. It is known that
many miRNAs regulate many mRNAs. There are at least 20,000 different
mRNAs, each corresponding to a gene; there are at least 600 miRNAs known
to human. Scientists do not know the exact mapping between mRNA and
miRNA. For example, in most cases, we do not know how many and which
miRNA can bind to a given mRNA and down-regulate its expression. Us-
ing a state-of-art cancer genomics data, we attempt to investigate the open

question.

Data Preparation We resort to a public big data set produced by the Na-
tional Institute of Health in the United States. The Cancer Genome Atlas
(TCGA) is a NIH-led pilot study aiming to study cancer using a systemic
approach. Among many different genomic features, TCGA measures mRNA
and miRNA expression across the genome on thousands of cancer patients.

Having matched miRNA and mRNA expression values on the same set of
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patients provides a golden opportunity to study their interactions in cancer.
We conduct an investigation. To obtain the data, we use TCGA-Assembler
(Zhu et al., 2014) to download and process level-3 TCGA data of miRNA
expressions and mRNA expressions for ovarian cancer patients. We selected
ovarian cancer since there is a large number of patients in this cancer type.
The data set includes expression measurements of 618 miRNAs and 19,830
mRNAs for 391 patients. Both mRNA expression values and miRNA expres-
sion values are generated by the next generation sequencing platforms. After
preprocessing, we obtain one continuous value as expression for an mRNA
or an miRNA for one sample.

The final data set contains p = 618 miRNAs and P = 19,830 mRNAs from
the same n = 391 samples. We perform a separate linear regression treating
each mRNA as a y response variable, and all the miRNAs as candidate
X variables. Each variable is represented by an n x 1 vector containing
measurements across the n = 391 patient samples. Thus, we perform 19,830
separate linear regressions and apply the SAB algorithm for each regression
to select important miRNAs for the corresponding mRNA. As suggested in
simulation studies, we first normalize the data and then use hyperparameters
vy = 1 and vy = 1/4/10np = 0.00064.

Results After running the SAB algorithm, a set of miRNAs will be selected
we use the posterior false discovery rate (FDR) to threshold the selected
miRNA’s. FDR is a used in multiple testing that estimate the fraction of
false rejections. Here, treating the selection of each variable as a hypothesis
testing, we apply the same Bayesian FDR approach (Newton et al., 2004)
that has been widely used (Ji et al., 2008; Mitra et al., 2013). This procedure
allows an additional selection so that biologists can rank and focus on the top
selected variables for further investigation. Suppose the vector of posterior
inclusion probabilities returned from SAB is ¢ = (¢1,...,¢,). The Bayesian
FDR of selecting k variables is defined as follows. For an positive integer k,

calculate i
ar=1-2 oy/k
j=1

where ¢(;) > ... > ¢ are the order statistic. Then choose the largest k*
such that ag- < fo, where fy is a desired FDR rate, say 0.01. Select the top

k* variables with the highest inclusion probabilities.
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Figure 3.3: Histogram of the numbers of miRNAs selected for all the
mRNAs using the SAB algorithm.

We carry out the regression analysis for all the mRNAs. For each regres-
sion, we apply SAB and threshold the miRNAs based on the Bayesian FDR
procedure with an FDR cutoff fy = 0.01. Figure 3.3 shows a histogram of
the numbers of miRNAs selected across all the mRNAs. The mode is 6 and
closely followed by 5 and 7, implying most frequently around 6 miRNAs po-
tentially regulate an mRNA. The histogram is slightly skewed to the right,
and ranges from 0 to 17. These numbers provide an overview of the complex-
ity of miRNA-mRNA regulation in ovarian cancer. We also provide a P X p
binding matrix of potential miRNA-mRNA regulations (Online Materials)
based on our analysis results. A value of 1 or 0 indicates if the correspond-
ing miRNA is selected or not for the corresponding mRNA in our analysis,
specifically.

We did post-hoc analysis including cross reference with existing biological
databases. We compare our inferred P X p miRNA-mRNA binding matrix
with the putative regulations identified in an existing database, TargetScan
(Friedman et al., 2009). TargetScan consists of miRNA-mRNA pairs pre-
dicted based on DNA sequences. Since an miRNA binds to an mRNA fol-
lowing the base-pairing rule, A —— T and G —— C, an miRNA cannot
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Figure 3.4: Application of SAB to mRNA-miRNA regulation using TCGA
data. Top 50 influential miRNAs are shown. The bar lengths represent the
number of mRNAs that each miRNA significantly repressed.



regulate an mRNA if their sequences do not pair. Based on this simple re-
striction, TargetScan predicts a pair of miRNA and mRNA based on the
seed sequences of miRNA and the binding site sequences in the 3'UTR of
the mRNA. We identify the overlap between SAB-predicted miRNA /mRNA
pairs and those in TargetScan. We also require that the overlapping pairs
must have negative regression coefficients to explicitly supporting the repres-
sor roles of miRNAs. We summarize the top miRNAs identified from the
cross reference in Figure 3.4. Bar plots are provided for the top influential
miRNAs ranked in a decreasing order of the number of mRNAs they repress.
Next, we perform some annotation on these influential miRNAs and highlight
a few examples.

MiR-29a is the most influential miRNA in Figure 3.4, predicted to repress
the expressions of 78 mRNAs. It acts as a tumor suppressor and its expres-
sion has been shown anti-correlated with the expressions of DNA methyl-
transferases including DNMT3A and DNMT3B in ovarian cancer (Creighton
et al., 2012). Consistently, we observe significant negative miR-29a regula-
tions on DNMT3A and DNMT3B. This supports a potential mechanism of
the tumor suppressive role of miR-29a, in which miR-29a reverts aberrant
DNA methylations that cause tumorigenesis by repressing DNA methyltrans-
ferases (Creighton et al., 2012).

MiR-200b and miR-200c are among the top influential miRNAs. They
significantly repress the expression of ZEB1, a transcription factor involved
in the mediation of the epithelial to mesenchymal transition (EMT), a pro-
cess in which differentiated cells with an epithelial phenotype detach from
one another, acquire mesenchymal properties, and become mobile (Leva and
Croce, 2013). Our analysis confirms the repression of ZEB1 by miR-200b and
miR-~200c in ovarian cancer and explains the observation that in aggressive
ovarian cancer miR-200b and miR-200c are down-regulated and the tumor
undergoes EMT and becomes more invasive (Leva and Croce, 2013).

Let-7b is a tumor suppressor and serves as one of the global regulators of
cellular differentiation (Li et al., 2010). Down-regulation of let-7b and loss
of its gene copy have been observed in ovarian cancer (Wang et al., 2012).
Our analysis indicates that let-7b represses the expression level of HMGAZ2,
an important mRNA for cancer. The relationship has been identified in
the literature (Mahajan et al., 2010). Our finding serves as an independent

validation. In particular, HMGAZ2 is an oncogene highly expressed in ovarian
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cancer and associated with advanced tumor and poor prognosis (Li et al.,
2010).

mRNA CDCT7 encodes a protein kinase involved in the regulation of cell
cycle at the point of chromosomal DNA replication, whose expression level
predicts patient disease-free survival in epithelial ovarian cancer (Kulkarni
et al., 2009). MiR-29a has been observed to bind to and regulate CDC7
expression level in lung cancer cells (Barkley and Santocanale, 2013). Our
analysis indicates that miR-29¢, another member of the miR-29 family that
shares the same seed sequence as miR-29a, significantly represses the expres-
sion of CDC7 in ovarian cancer, which can be further tested and validated

in experiments.

3.5 Discussion

We have proposed a scalable algorithm for Bayesian variable selection. This
fast algorithm is shown to perform well both empirically and theoretically. In
our simulation studies, the accuracy of SAB is comparable and often superior
in both small-p and large-p examples, when compared to existing variable se-
lection methods. Theoretically, we have shown that SAB is asymptotically
consistent. Although in most big-data applications, asymptotics is not rele-
vant as the sample size is typically much smaller than the number of unknown
parameters, methods having good large-sample properties are still desirable
as they tend to be more theoretically sound.

We apply SAB to address an important biological problem in cancer ge-
nomics, and identify a list of miRNAs that are potentially important in
cancer development due to their regulatory roles for a large number of genes.
We note that the same type of Bayesian modeling approaches as SAB can
be easily extended to address other types of biological problems, in which a
massive covariates must be screened for prediction of certain outcomes. Fu-
ture directions include extending SAB to accommodate discrete or survival

outcomes.
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Chapter 4

Asymptotic Analysis in High
Dimensions

4.1 Introduction

The innovation of modern technologies drives research and development on
high-dimensional data analysis in diverse fields. As the dimension grows,
variable selection plays a pivotal role to ensure credible model estimation.

Consider the linear regression model
y=XB+e, e~ N(0,dI,),

where y = (y1,...,yn)" denotes the response variable of n observations, X
the n x p design matrix, B the p-dimensional regression coefficient, and e the
n-dimensional error term. The problem of variable selection is to identify the
nonzero component in 3.

There is rich literature on variable selection from both frequentist and
Bayesian framework. One direction is the penalized likelihood methods, such
as LASSO (Tibshirani, 1996) and SCAD (Fan and Li, 2001). Recent studies
in asymptotic theory show that some nonconcave penalized likelihood meth-
ods have nice asymptotic properties when the dimension p diverges with
sample size n in polynomial order p = O(n!), [ > 0 (Fan et al., 2004; Huang
and Xie, 2007) or in exponential order p = O(e"), v € (0,1) (ultra-high
dimensions)(Shen et al., 2012). When X;’s are random covariates, under
certain regularity conditions, some penalized likelihood methods have been
shown to achieve selection consistency, that is, with probability going to 1
with respect to the joint distribution (y;, X;), the set of selected variables are
exactly those in the true model, as n — oco. When X;’s are deterministic
covariates, the identifiability of the regression coefficient 3 becomes an issue
when p > n (Fan and Lv, 2008). As Shao and Deng (2012) pointed out,

for deterministic X;’s, the coefficient 3 is identifiable if and only if it is in
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the row space of X, denoted as R(X). Instead of estimating 3, Shao and
Deng (2012) showed that thresholding the estimator of 8 from ridge regres-
sion achieves the selection consistency and oracle property, where 0 is the
projection of the true coefficient 8 onto the row space R(X).

Another direction of variable selection methods is the Bayesian hierarchi-
cal framework, which introduces a p x 1 vector =y, such that v; = 1 if the j-th
variable is included and «y; = 0 otherwise. Given +;, a popular choice for the
prior of f; is the “spike-and-slab” prior (Mitchell and Beauchamp, 1988): a
spike component (usually a point mass at zero) when v; = 0, and a slab com-
ponent (uniform or normal distribution) when v, = 1. Some Bayesian vari-
able selection methods including stochastic search variable selection (George
and McCulloch, 1993) and Gibbs variable selection (Dellaportas et al., 2000)
adopt a continuous version “spike-and-slab” prior where the point mass com-
ponent is replaced by a spiky normal distribution with small variance, as in
3.4. With this Gaussian continuous “spike-and-slab” prior, a Gibbs sampler
can be carried out to compute the posterior distribution of the model index
~. Narisetty and He (2014) showed that this Gibbs sampling method with
the Gaussian “spike-and-slab” prior achieves the selection consistency and
oracle property if we allow the prior variances shrinking and diffusing at a
certain rate as n — oo, when p diverges with n at a nearly exponential rate.

In this chapter, we investigate the asymptotic properties of a Bayesian
variable selection approach called SAB, which adopts the continuous “spike-
and-slab” prior and uses the variational Bayes idea for fast computation. The
model and algorithm details are given in Section 4.2. The rest of the paper
is arranged as follows. We introduce some notations in Section 4.3, and then
use the orthogonal design to provide insights on the shrinkage and diffusion
behavior induced by the hyperparameters in Section 4.4. General results are
given in Section 4.5 and 4.6. In Section 4.5, we assume p < n and the true
model 87 is identifiable. Section 4.6 focuses on the high dimensional data
when p > n with additional constraints to resolve the identifiability issue

since the true model 8} may not be uniquely determined.
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4.2 Method

The SAB algorithm adopts the continuous “spike and slab” prior for the
coefficient 3, i.e. a mixture of two normal priors with different variances

given the model index ~. The hierarchical model is summarized as follows:

y|X,8,0° ~ N,(XB,0°L,)
Bilo* =1 ~ N(0,v,0%)
Bilo*y =0 ~ N(0,v90?%)
v; | @ ~ Bern(f), 6~ Beta(ao,bo)

9 v VA
o* ~ IG(=, —
(3:35)
where j = 1,...,p, and vy, v, are the two tuning parameters that control

the shrinkage and diffusion behavior of the “spike-and-slab” prior. The prior
of model index 7; is Bern(¢), the independent Bernoulli distribution with
mean 6, where 6 has a Beta prior Beta(ag, by) with mean ag/(ag+by), and o2
has the inverse gamma prior 1G(v/2,v\/2) with the mean Eoc™2 = A™!. In
practice, after standardization, we recommend the following values for the
hyper-parameters: ag =by =1, and v = X = 1.

The goal of variable selection is to estimate the coefficient 3 and simulta-
neously identify the set of relevant variables, i.e. estimate the model index
~. Due to the hierarchical structure of Bayesian model, we cannot directly
obtain a tractable form of the posterior probability p(3,~|y). The SAB
algorithm uses the variational Bayes approach to compute an approximate
posterior of v and B. More specifically, it minimizes the KL-distance be-
tween the true posterior p(3,~|y) and an approximate distribution ¢(3, )

that is factorized in the following form

9(B,7) = a1(B)g(7). (4.1)

For the nuisance parameters # and o2, there is no need to compute their pos-
terior, so they are updated repeatedly from their MAP estimators. Therefore

the objective function of SAB is formulated as

p(ylB, o*)m(Bly, o) m(v]0) 7 (0)7 (o?)
1(8)q2() 7

J(q1, q2,0,0%) = EqﬁlEflf log (4.2)
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where E{;, denotes the expectation of a random variable W with respect to the
distribution ¢. At each iteration, we optimize J by updating the distributions

¢1, ¢» and the point estimates é, &2, respectively, until they converge.

[Update ¢;] Given gy, 6?2, the optimal ¢;(3) that maximizes the objective

function is a normal distribution N,(m, D), with the mean and variance,

1 1

m= (X"X+A) X'y, D=6¢*X"X+A4), (4.3)

where A is a diagonal matrix with entry A; = (1 — ¢;)/vo + ¢;/v1, and ¢; is

the parameter in gs.

[Update ¢2] Given ¢, 0,52, the optimal ¢2(7y) is a product of independent
Bernoulli distributions, H§:1 Bern(¢,), and the parameter ¢;’s satisfy

&, 1. w mi4+Djs1 1 0
log —2— = Zlog -2 —<———) 1 . 4.4
Og1—¢j 2 % Gt N 202 Vg U1 " Ogl 0 44

where m; is the j-th component of the mean vector m and Dj; is the j-th

diagonal entry of the covariance matrix D.

[Update 6, 0?] Given qi, g2, the optimal point estimates of 6 and o2 are,

A L6+ ao
=== 7 4.5
p+a0+b0 ’ ( )
2 ES ly —XBI1> + 375, Aj(m?+Djj)+VA7 (46)

n+p+v
where Ef [ly — X8|]* = [ly — Xm]* + tr(X"DX).

The SAB algorithm is summarized as Algorithm 3 in Chapter 3.

Partial updating scheme The updating formula of ¢; involves inverting
a p x p matrix (X”X + A), where A depends on ¢ = (¢1,...,¢,)" that
changes in every iteration, which is especially time-consuming when p is large.
However, in practice we notice that the change for most ¢,’s is negligible after
the first 2-3 iterations. Therefore, we introduce a new updating scheme to
reduce the computation: stop updating ¢; once it hits the boundary (close

to 0 or 1), i.e. when we are confident about its status. Suppose ¢; and ¢y are
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two small constants that both go to 0 with n — oo. After the first iteration,
we update ¢ = H?:l Bern(¢;) with the partial updating scheme,

c1, ¢; <
(b?ar = ¢j7 < ij <1—co (47>
l—cy, ¢;2>21—co.

4.3 Set-up and Notations

In the asymptotic study, we allow the number of covariates p diverging with
n — oo, so that the data y,, the design matrix X,, and the coefficients 3,
form triangular arrays. Assume that y,’s are generated from the following
linear model

Vo = X085 + e, e, ~N,(0,0°1,), (4.8)

* * *

where X,,’s are given deterministic design matrices, 8% = (5,,..., Bnp)T
denotes the true regression coefficients. We denote the true model index
Yo = (Ym>---> ) Where 45 = 1if 3. # 0 and 0 otherwise. Let Sy = {j :
Ynj = 1} be the set of true relevant variables and S,, denote the estimated

model returned from the SAB algorithm,

gnz{j:gbanC, j=1,...,n}

where ¢,;’s are the estimated inclusion probabilities from SAB. Here we
choose ¢ = 0.5 as the threshold but in general it could be any number between
0 and 1 since the estimated inclusion probabilities tend to be sparse.

The goals of our asymptotic study are explained as follows. First we aim

to show the selection consistency,
. jo P .
min ¢,;, — 1, max¢,; — 0. (i)
JES; JESs

Consequently, ]P’(S'n = S*) — 1, that is, the model selected by marginal
posterior from SAB converges to the true model in probability. Then we
will discuss the Bayesian consistency that the posterior probability on the

true model converges to 1. For SAB, we aim to show that the approximate
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posterior distribution of v converges to 1,
o P .
2(¥,) — 1. (i)

The Bayesian consistency, which implies the selection consistency in (i), is
also called the strong consistency. At last, we aim to show that SAB achieves

the oracle property,
E[|X,.3, — X.8: ] = O(q,), (ii)

where Bn is the coefficient estimator from SAB, and g, is the true number of
relevant variables.
Before presenting the results, we need the following notations that are used

throughout the paper.

Rate With two sequences a,, and b,,, we write a,, < b, if a,,/b, — 0; a,, ~ b,
if a,/b, — ¢ > 0; and a, ~ b, if a,/b, — 1. Besides, we write
a, = O(by,) if there exist a constant M > 0 such that a, /b, < M, and
a, = o(by) if a, /b, — 0.

Eigenvalue For a symmetric matrix A, we use A\pax(A4) and Apin(A) to
denote the largest and smallest positive eigenvalue of A respectively.
For a non-symmetric matrix A, we denote oyax(A) and omin(A) as the

largest and smallest non-zero singular value.

4.4 Orthogonal Design

In this section, we consider the special case when the design matrix X is
orthogonal, i.e. X?X = nlI,. For the sake of conciseness, we omit the

subscript n hereafter.

Selection consistency Recall that,

¢j 1 1 Vo m? + Djj 1 1 0
= — 10g — e e— A
1_¢j 2 gvl 202 Vo (%1 1—6

log (4.4)
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For simplicity, we assume that # and log %é are bounded by constants. Let

vg ~n~", ro > 0 and fix v; at constant, then we have

?;

—2— = —0O(logn) + (m? + Dj;) O(n™).
1 — 9,

log

Thus the event {S, = S*} in (i) is equivalent to

A, = {gre%ri [m]2 + Djj} > T(O)} N {%%X [mj2 + Djj} < T(O)},
where the threshold r(© ~ n="0logn.

For orthogonal design, the posterior mean m and covariance D can be
simplified as,
1

m = (XX +A)'XT(XB" +e)

n 1
n+Aj)6 +diag(_——

D = (XX +A)! = diag( )

)X'e, (4.9)

= diag(
J

1% — O(n™). Assuming ro < 1, the posterior variance is
v

where A; = f—j +
bounded by,

1
D, = ~
17 7’L—|—AJ

nt <70 (4.10)

Let W denote the second term in expression (4.9), which is a multivariate
normal random variable and Cov(W) = diag(no?/(n+24;)?). So the variance

of each Wj is

2
no 1

7

Apply the upper bound property for the tail probability of Normal distribu-

Var(W;) =

tion,

r(©)

P(W;| > Vi) < @ W%exp{—ﬁ} = 0 (exp{—n"""}),

where 72 = Var(W;). Using Bonferroni’s inequality,

P(max W7 > rO) <p-P(W;| > Vr©@) =0 (pexp{-n'"0}).  (4.11)

J
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From the two inequality results (4.10) and (4.11), we can now prove the
selection consistency.
For j ¢ Sy, B = 0, we have m; = W, so,

P 2. D.. 0)) <« p 2 D ©0) ) — —_pt=rol)
(%%i( [m? 4+ Dj;] >r? ) < %fw +max Dj; > 7 o (pexp{—n'"""})

For j € S;, we have m; = anﬂ;‘ + W, so
J

1
. 2 0 : )2 W2 0
ED(JHGI}Q{% [mj+Djj] <l )> < P(?elg% (1+Aj)2|5j‘ _?é%):f J <r! )>

< P (max W2 > r(o)) = o (pexp{—n'"""}),

jesy 7

where the second inequality requires the Beta-min condition

Bil ~n™T = V) (4.12)

min
JEST,

i.e. 27 < rg, which is sensible because the magnitude of the true effect should
be greater than the noise level n~'/2, which means n < 1/2.

To summarize, assume v; fixed, vy ~ n™"°, min;cg«
) ) ’ J1EO,

Bil ~n™" and 2n <
ro < 1, p < exp{n'~™}, then SAB achieves the selection consistency for

orthogonal design, i.e.
P(Sn =S)=1-o0 (pexp{—nl_m}) — 1.

Bayesian consistency The approximate posterior ¢» is a product of inde-

pendent Bernoulli’s, so the goal is to prove

w0 =[] TT-¢)] =1

jesy JESh

Applying the inequality Hj(l —p;) > 1— Zj p; for any 0 < p; < 1, we have

L=ga(v) <> (1=¢)+ > ¢y (4.13)

JES, JEs,

It means that the sum of probabilities on the incorrect models is upper

bounded by the sum of the marginal probabilities of either including noise
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variables or excluding relevant variables. When p is fixed, the selection con-
sistency implies the Bayesian consistency since each of the p terms on the
right side of (4.13) goes to 0. When p diverges with n, each term going to 0
does not guarantee the sum going to 0.

By the results (4.10), (4.11) and the condition (4.12), we can see that the

leading terms in (4.4) are

é; 1 ¢, AR
~ ——log — 1 ~ )

log ——

Let C), be a sequence that is smaller than the leading term, for example,

1
Co=-log—2, 0<a<r. (4.14)
2 von®

Applying the new cutoff C,, to the logit function of the inclusion probabilities,
the probability of selecting the true model still goes to 1, i.e.

IP’(rnauxlogL < —C’n) — 1, P(mlnlog

C
igs; 1 — ¢y > Cn) =

®;
— ¢,
Then we have

1—g(v,) < pxmax {ggg;j(l — Pnj); max %}

n

— 0p (pe®) = Op (p ”)

U1

which diminishes to zero when p < n{70=/2,

To achieve the Bayesian consistency when p grows more rapidly, we need
to let vy diverging with n. Suppose v; ~ n™ with r; > 0 such that p <
plrotr=a)/2 then

* p P
L-an) < Or (i manms) 0

This special case of orthogonal design sheds light on the functions of the
tuning parameters vy and v; on the asymptotic behavior of SAB. To achieve
the selection consistency, we need vy going to 0 at a proper rate, slower
than 1/n. If we let v; going to infinity with n, SAB achieves the Bayesian

consistency. Similar results were shown in (Narisetty and He, 2014).

64



4.5 Full-rank Data

In this section, we show the general results for full-rank data, which implies

p < n. First we discuss the following regularity conditions.

(C1)

(C3)

On colliearity. Assume ), is the smallest eigenvalue of the gram matrix
XTX, and
0< Ay ~n™, g <1

This condition is imposed to control the collinearity among the X
columns. For finite p, (C1) is often written as X7 X /n converging to a
non-degenerate matrix, same as 7; = 1. However for diverging p, the

minimal eigenvalue of XX is usually o(n), so that n; < 1.

The sparsity condition. Suppose the Ly norm of the true coefficient 3*
is bounded by
187l = O(n™), m >mn2>0.

For finite p and fixed 8%, (C2) is satisfied automatically with 7, =
0. In general, we require 7y is upper bounded by 7n;. Different from
the unbiased coefficients estimated from ordinary least square, SAB
estimates (3 similar to ridge regression, where encounters a bias term.
This L, condition is to control the magnitude of the bias. Similar

condition is assumed in (Shao and Deng, 2012).

The beta-min condition. Assume the smallest non-zero coefficient sat-

isfies ' .
liminfw > M, n3<1/2

n n-ms

for some constant M > 0. This condition ensures a gap between

the smallest signal coefficient of O(n™) and the noise term which

is O(n_l/ 2), so that we could asymptotically detect even the weakest

signal. Similar condition is assumed in the selection consistency of

LASSO (Zhao and Yu, 2006).

On hyperparameters. Assume the point estimates of 62 and 0 are
bounded such that

1 1, 1 1
—~1, lo =~ 1.
o g1 0
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This condition is purely technical for the simplicity of the proof. An-

2

other way is to set thresholds for 6% and 0 to avoid them going to

extreme values.

4.5.1 Selection consistency of one-step estimator

Now consider a one-step SAB algorithm. Initialize the algorithm with everybody-
in, i.e. ¢ = (1,---,1)%, 0© = 1/2 and ¢® = 1. Compute m® and D©®
from (4.3),

m® = (X7X 4+ /o) 'XTy, DO = (X"X + 1/u,) "
Update ¢V from (4.4),

(1) (0)2 (0)

~ 1 m; "+ D 1 1
L(l) = Clg 4B T2 2y (4.15)
1— ¢} 2 Ty 2 CORT

log

Denote S, = {j : ¢§1) > 0.5} as the model selected by the one-step SAB
algorithm. We aim to show that S, converges to S¥ in probability. Assume

vg ~ n~ " and v; ~ 1. The event {gn = S’} is equivalent to

i 2 . (0) 2 . (0)
{?elgg[mj+D]]]>r }ﬂ{%%?[mj—i-l)”]<r },

where the threshold r® = O(n"0logn). Rewrite m®) as three terms,

m® = (XTX+1I/v) X1 (XB* +e)
= B — (uXTX+1)'f + (XTX +L/v;) 'Xle
3 — b 4 WO

Some key results on the order of [m? + Djj] are listed below.

e The diagonal entries of D are upper bounded by,

1

DY < A (XTX 41 N — — =
o (( /o) ) = A+ 1/

JJ

O(n™™).  (4.16)
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e The bias term b;o) is bounded by

0 < 1Ip© <; | = n2—"m
wax 01 < DO < g = o).

0) . . . ) )
° I/Vj( ) is a Gaussian random variable with mean zero and variance:

Var(W”) < 02\ pae (XX +1/01)71) = O(n™).

e By Bonferroni’s inequality and the Gaussian upper tail property;,

P(max |V[/j(0)]2 > T(o)) = o(pexp{—n"""}). (4.18)
i

Combining the results (4.16- 4.18), we conclude the following theorem of

the selection consistency for one-step SAB algorithm.

Theorem 4.1. Assume conditions (C1-C4), and vy ~ 1, vg ~ n~" with
203 < 1o < min{ny, 2(n — n2)}. Then the one-step SAB algorithm for full-

rank data (p < n) achieves selection consistency,

P(S, = S*) =1 — o(pexp{—n"""}).

4.5.2 Bayesian consistency

Theorem 1 shows the consistency of a point estimate of S}. In the Bayesian
framework, we obtain the posterior distribution over the model space. The
Bayesian consistency for variable selection requires that the posterior mass
on the true model 4; converges to 1, which is stronger than the selection
consistency.

Following the same argument as in orthogonal design, we conclude that

SAB achieves strong Bayesian consistency for variable selection, i.e.

o) =[ [] éwll II 0—ow)] =1,

j:'}/;jzl j:'Y:]'ZO

if we let v;1 ~ n" where r; satisfies r;, > 2 — rg, or more generally p <
n(o+11)/2 - The key idea is that for any C, defined at (4.14) with small
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enough a > 0, we have

n n

1= g(y,) < pxmax {1};225(1 — &nj), grégggebnj}

—C\ P P
< Op(pe )—Op(m>—)0

Theorem 4.2. Assume conditions (C1-C4), and vy ~ n"™, vy ~ n~" with

2n3 < 1o < min{ny,2(n —n2)}, r1>2-—1p.

Then SAB achieves Bayesian consistency for variable selection, qa(7y.) Y

4.5.3 Selection consistency of {-step estimator

Now we consider the model returned by SAB after finite ¢ > 1 iterations.
Note that at the first step, A = I /vy, so the derivation is similar to ridge
regression. After ¢ iterations, however, the diagonal entries of A are random
between 1/vy and 1/v;, and correlated with the error term. Therefore the
bound for the variance term W which is not Gaussian is more complicated
now.

A simple remedy is the partial updating scheme. Theorem 4.2 shows that
with probability 1 — o(pexp{—n"""0}),

max {maX(l — o), max ¢§1)} < e O = O(p~(ntro-a)/2)
J *

JES; J

n

for any small constant o > 0. So if we let ¢; = ¢, = e~ and apply the

partial updating scheme defined in (4.7), with probability going to 1, we have

¢?ar =1- C2, j € S:,? ¢?ar = (y, j ¢ S;;

Par ig a bi-valued

After the first iteration, the partial inclusion probability ¢
vector with probability 1 — o(pexp{—n"""0}). Therefore the new A is not
correlated with the error term e. With a similar outline in the proof of The-
orem 4.1, the selection consistency of the estimator from the T-th iteration

follows.
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Theorem 4.3. Assume conditions (C1-C4), and vy ~ n" vy ~ n~", with

2
2n3 <1y < §(?71 — 1), T1>70+

If we start from all variables included and run SAB for finite T iterations, ap-
plying the partial updating scheme with fized ¢; = co = e=r ~ p=(0+r1—a)/2,
then the estimated model S, = {j: ¢§t) > 0.5} is a consistent estimation of
the true model S}, that s,

P(S, = 8;) = (1 - o(pexp{-n""}))".

4.5.4 Oracle property

As pointed out by (Shao and Deng, 2012), the estimator of 8 from ridge
regression, for example the posterior mean of the one-step SAB algorithm,
B = (XTX +1/v;)"'Xy, has the prediction error E||X8 — X3*||2 = O(p).
However, given the true set of relevant variables, the estimator of the g¢-
dimensional coefficient vector from ordinary least square has the oracle prop-
erty that the prediction error is of O(g), much smaller than O(p), where
q = Zj 7; denotes the size of the true model. Let B =m- ~, where
¥ = 1(¢j™ > 0.5), the truncated posterior mean returned from SAB al-
gorithm. We aim to show that the prediction based on 3 achieves the oracle
property, i.e.
E|X8 - XB|1* = O(q).

In the proof, we need an additional condition on model identifiability.

(C5) The identifiablility condition. Denote X; as the n x ¢ signal covariates
and Xy the n X (p — q) noise covariates. Assume that there exists some

number ¢ ~n~™ 9y >0,
/\max<PX1PX2) <1- C,

where Px, and Px, are the projection matrices of X; and X,. This
condition assumes that the two sub-column spaces are disjoint, which
guarantees the model identifiability. On the contrary, if some part in
X can be linearly explained by Xs, i.e. there exists non-zero vectors

uy, ug such that Xju; = Xaus, then we would have Apax(Px, Px,) = 1.
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Theorem 4.4. Assume conditions (C1-C5), and vy ~ n™, vy ~ n~" with
1 — 1o > 2m2 — 1, and 203 < ro < min{ny, 2(n; —n2)}. Then the estimator
B=m- ~ has the following oracle property,

E[XB - XB*[]* = O(qn™).

4.6 High-dimensional Data

In the previous section, we proved the asymptotic properties of SAB for
p < n when the model is uniquely determined. While, the coefficient 3* is
typically not identifiable for high dimensional data. The true coefficient 3*
is identifiable if and only if 3* is in the subspace spanned by the row vectors
of X, denoted as R(X). Assume X = PanDrXrQZXT is the singular value

decomposition with rank r. Consider the projection of 8* onto R(X),
6 = XT(XXT)"X8" = QQ" 3",

Clearly X0 = X3*. Since ||QQT|| < 1, the projection @ has the smallest
Ly norm among the equivalent set B = {3 : X3 = Ey}. So another way to
define @ is,

6 = i .
arg min | 52

Even if the true coefficient 3* is sparse, its projection @ may not have
any zero component. However its nonzero components must be negligible
since its Ly norm is bounded. To bypass the non-identifiable issue, (Shao
and Deng, 2012) estimated the projection € instead of the true coefficient 3
to discuss the asymptotic properties of ridge regression. But there was no
guarantee that the variables selected by thresholding @ are the same set of
signals in the true 3*.

However, when assuming condition (C5) which implies that the signal
terms X; cannot be linearly explained by the noise terms X, the signal
part of the projection coefficient 0 is the same as that of the true coefficient
B*. Moreover, when B* is sparse, @ = 3*. For this reason, together with
condition (C5), we use 3* = 6 exchangeably to denote the “ideal” coefficient
for estimation.

When the true 8* is not sparse, we need to put a threshold to define the
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true set of variables. So the beta-min condition on weak signals should be

replaced by the following condition.

(C3*) Define the set of signals S} and the set of noises S;¢ as,

Sp =47 180l = ba}, S5 =171 18, < an} (4.19)

where a,, and b,, are two sequences depending on n, which satisfy a,, <

b, and a,/b, — 1. For example, let a, ~ \/m, by, ~ \/m,
where u,, = 1 + 1/loglogn and r® ~ n="0logn. This condition guar-
antees a gap between the magnitudes of the signal and noise variables.
The coefficients with a magnitude between a,, and b,, are not identifi-
able and thereby omitted in this discussion. Similar condition is used
in (Shao and Deng, 2012).

In the high-dimensional setting, the p x p gram matrix X7X is not full
rank, so the condition on the smallest eigenvalue of X”X should be replaced

by the smallest positive eigenvalue.

(C1*) Assume \,; is the smallest positive eigenvalue of the gram matrix
XT'X,, which satisfies

)\nl ~ nnla m S 1.

Now with the modified conditions, we have the following asymptotic results
for the SAB estimator with high-dimensional data.

4.6.1 Selection consistency

Theorem 4.5. Assume the conditions (C1*, C2, C3*, C4-C5), and v; ~

n", vy ~ n""0, with

27]3 <71y < mm{Q(nl — 12 — ?74)/3, m — 2774}, ry > 0.

If we start from all variables out, i.e. ¢ = (0,---,0), and run SAB for
finite T iterations, applying the partial updating scheme with fived ¢ = co =
e=Cn ~ p=(rotr1=0)/2 then the estimator from SAB S, = {j: (ﬁgt) > 0.5} is a
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consistent estimation of the true model S}, more specifically:
P(S, = 5%) = (1 — o(pexp{—nn—2m=r0} )" (4.20)

This theorem shows that under certain conditions the SAB estimator
achieves selection consistency, when the number of covariates p = O(e™")
and v > 0. The proof is similar to Theorem 4.1 and 4.3 but with three main
differences. First, to bound the variance term, we need to initialize from
everybody excluded since X7X is not full rank. Second, at the t-th iteration
(t > 1), we need to consider the order of signals and noises separately, with
details given in the appendix. Finally, due to the non-sparseness of the true
B*, we need to compare the cutoffs a,, and b, in (C3*) with the threshold
7. The details of the proof is given in the appendix.

4.6.2 Oracle property

Theorem 4.6. Assume the conditions (C1*, C2, C8*, C}-C5), and vy ~

n", vy ~ n="0, with
2n3 < 1o < min{2(n —m2 —Ma)/3,m — 214}, 11 > max{ny —19/2,0}.
The prediction based on 3 = m - 4 has the following oracle property:
E[XB — XB|2 = O(gn™) + O(no+70-n+2m=m=2m) — O(gn™),

where m 1is the posterior mean, v is the binary vector y; = 1(&?“ > 0.5)
and %"" 's are the inclusion probabilities returned from SAB with the partial

updating scheme, and q = ¢, = Zj 7 denote the size of the true model.

This theorem shows that under certain conditions the truncated posterior

mean returned from SAB achieves the oracle property.
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Chapter 5

Logistic Model

5.1 Introduction

In statistics, logistic regression is the most commonly used method to model
binary response data. However, transforming those nicely-built theorems and
algorithms from linear regression to logistic model is not always straightfor-
ward. In the Bayesian framework, this difficulty is mainly due to the non-
conjugate character of the likelihood, so that the posterior does not have an
explicit form. But researchers have developed multiple solutions to bypass
this problem, which come from either one or a combination of the three ba-
sic ideas: MAP (maximize a posteriori) estimation, sampling algorithm or
approximation methods. To be more specific, MAP procedure provides only
a point estimation so that we don’t need to compute the whole posterior,
but this will surely miss out some information. Sampling methods use the
general Metropolis Hasting Algorithm to sample from the posterior, which is
more accurate and informative but also notorious for its slow mixing time.
Approximation methods, on the other hand, use different probability models
(often connecting to exponential family) to approximate the posterior, for ex-
ample Probit approximation or Laplace approximation, etc. In this chapter,
we focus on the third one, approximation methods.

There are several basic equivalent expressions of the Logistic model, of
which the Generalized Linear Model (GLM) and the Latent Variable Model
(LVM) are the most common ones. Other specifications like Log-linear Model

and Single-layer Perceptron Model are beyond the scope of this thesis.

e GLM

Py =1)
logit(p;)

>l




o LVM

1, if V">0
Yi =
0, otherwise.

Y = B'X;+e e~ Logistic(0,1)

In the LVM specification, replacing the Logistic prior by a standard normal
distribution leads to the Probit approximation, which makes the computation
easier but the prediction much less accurate. A recent work by Holmes et al.
(2006) first introduced a hierarchical structure for the error term. Instead of
directly applying a Logistic prior, it introduced a latent variable that follows
Kolmogorov-Smirnov (KS) distribution, so that the error term has a prior
from the Normal family with that latent variable being its standard deviation.

Y* = ,6TXZ‘+EZ‘

(2

This hierarchical structure makes many Bayesian algorithms applicable be-
cause the logistic likelihood is transformed into the conjugate Gaussian fam-
ily, and sampling from the KS distribution is simple.

In the GLM specification, Polson et al. (2013) introduced an auxiliary
variable from Polya-Gamma distribution, given which the likelihood is valued
as a certain Normal density. Then they use an EM algorithm to estimate the
parameters for variable selection. But in terms of sparse data, if we delete
variables with a small point estimation, then those variables cannot reenter
the model.

Based on the Polya-Gamma setting, we propose a hybrid framework that
combines the Variational Bayes technique and MAP estimation, using the
continuous spike-and-slab prior on B. In section 5.2.3, we prove that the
Polya-Gamma method is equivalent to the local approximation method (Bishop,

2006) for Variational Bayes algorithms.
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5.2 Method

5.2.1 Model and priors

We use the GLM specification and code y;’s as £1. Let z; = ;X! 3 to be

the working response. Then the likelihood function can be written as,

1
14e %

p(z | B) =

Note that given 3, z; only has two possible values =X 3. This likelihood is
proportional to an integral of an exponential family of z; over latent variable
wy,

P | B) =5 | expl=5a + Sai)dPro(us)
0

where Ppg is the Polya-Gamma distribution PG(1,0).
The Polya-Gamma distribution Ppg(v | b, ¢) is defined as the sum of infinite

many independent Gamma random variables,

o0

A1 Ik
272 Z (k—1/2)? + 2/(am?)’ 9k amma(b, 1),

where the Gamma distribution uses a shape and scale parameterization. The

main result is based on the following integral identity:

1 1 [ 62 0
= 5/0 exp{—Ev + §}Ppg(’0 | 1,0)dv,

If v ~ PG(b,c), ¢ >0, we have

be—1 deflec—l
Ev=— = 2b\ h AMe)=— 5.1
v 2cec + 1 (c), where A(c) deec +1° (5-1)
2
pl(e) o€ exp{~ S} Prg(v | .0). (52)

When ¢ =0, Ev = b/4.
We adopt the continuous spike-and-slab prior for the coefficient 3,

W(ﬁj | %‘70) = N(O,O'Qozj)7 Q= Uo(l - %‘) + v17j,

where 0 < vy < vy, and ~; is the indicator of inclusion for the j variable.
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When ~; = 1, 8; is from a flat normal prior with a large variance; when
v; = 0, B; has a spiky normal prior. The remaining prior specification is

standard,

w(y]0) = Bern(h)
7T(9) = Beta(ao, b())
m(0®) = 1G(1/2, Ao /2)

Given latent variables w, the likelihood becomes a normal density mea-
sured at £X7 3, conjugate to the priors. However, the full posterior below

is not available in close-form due to the dependency among the parameters,

(B, w,v,0,0|y) =p(z | B, w)r(w)m(B | v,0)7(y | 0)7(0)x(0).

One can use MCMC to get an exact inference on the full posterior, but for big
data problems, the computation is sometimes too time-consuming. In this

chapter, we use the Variational Bayes approach to approximate the posterior.

5.2.2 The variational algorithm

To reduce computation, we use point estimation for the nuisance parameters
0 and 0. Note that the posterior probability P = m(8,~, w|z, 0, 52) together
with the MAP estimators 6 and 62 is the optimal solution to maximize the

following objective function:

W(B)’Y’ W? 9’ 02 | y)

L£(Q,0,0%) =EClog 0B W)

(5.3)

which is the negative KL divergence between () and the true posterior. But
the true posterior P does not have an explicit form because of the hierarchical
structure. The variational idea is to restrict ) to a factorized form, such that
the solution of the optimization problem is in the conjugate family. Assume

the approximate posterior () factorized in the form,

p n

Q(B,v,w) = q(B) H a(v;) H q(w;).
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Now we can update the approximate posterior functions gg, ¢, ¢w, as well
as the point estimators 6 and 6> sequentially until the objective function is
converged and optimized.

[Update of ¢g] The optimal ¢g that maximize (5.3) is

logq(B) = E_glogp(z | B,0,wi)m(B|~,0)]+ C.

n

22 2 1
= 2 Rw, + =2 — — Tdi A
;1 S Bwi+ 5 — 558 iag(A;)B

1 1~ , 1
= —§5T(Z Ew, X; X] + diag(A;)/0%)8 + 8" Z §ini
i=1 i=1

where A; = E% = % + f—i Therefore, q(3) is a multivariate normal
J
distribution N(m, D) with,

n 1 n
D'm=Y" Ui D™ = Ew, X, X[ + diag(A;)/o”. (5.4)
i=1 i=1
Note that even though the prior of w is a complex distribution, the only
statistic that we need for this algorithm is the mean. From the property of
Polya-Gamma distribution in (5.1), we get E,w; = 2X(¢;).

[Update of ¢,] The optimal ¢ that maximize (5.3) is standard:

logq(v;) = E_ylog[n(B |~ 0)m(y[0)]+C.

EBZ ((1—n; ]
_Eg; (( %>+Z_a)+7j1og9+(1—7j)10g(1—9)
1

202 U
ES? 1 1 0
v {202 Vo vl)+ Ogl—@]

¢; EB} 1 1
1—¢j_20'2 Vo (%1 ]_—Q

log (5.5)

[Update of § and 2] The point estimator of § and o2 that maximize (5.3)

are
b ap + > ¢ &Q_Z]E@ZAJ'JFVO/\O
a0+bo—|—p’ P+ ‘

(5.6)
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[Update of gy]

q(w;) o< exp{E., logp(w; | vi)}

Ez? Ez;
x exp{— % wi—l——z—l—logPpg(wi | 1,0)}

2 2
x GXP{—TU)@'}PPQ(W@‘ 1 1,0)

From the property (5.2), q(w;) = PG(1,¢) with ¢ = Ez? = XI(D +
mm?’)X;.

As we sequentially update the approximate function ) and the point esti-
mators, the object function £ keeps increasing, but cannot exceed the upper
bound log p(y), which can be used as a stopping criteria: stop the algorithm
when the increase of L is below a threshold. However computing £ involves
the determinant of a p x p matrix D (as shown in Appendix), which is time-
consuming. Since 7 is the main interest for variable selection, we use the

entropy of v with respect to the distribution g as our stopping criteria,

Enty(y) ==Y ¢;logd; — > (1 — ;) log(l — ¢;). (5.7)

Algorithm 4: LVB Algorithm
Input: Xy, vo,v1, a0, bo, Vo, Ao
Output: ¢, 1, D, 0,52

Initialization (]5(0), my, Dy, 0y, 00;

for t = 1 : mazlter do
Update the approximate posterior parameters m®), D® ¢® from

equations (5.4, 5.5);

Update the point estimators 8@, 6® from equation (5.6);

Calculate the entropy Ent,() from equation (5.7);

if The difference of the entropy is below a threshold then
‘ break;

end

end
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5.2.3 Connection with local approximation

Local approximation is another variational method for the logistic model
(Bishop, 2006), which uses a lower bound in the exponential form to approx-
imate the likelihood. Recall that y; = +1, for all &,

Py | B) = "WV (—a) = e 2((€) exp {—€/2 = A(€)(a* — €7)}

where ((a) = 1/(1+e7%), a = B7X;, A(§) = 5 [((§) — 3]. More detail of

this inequality is given in the Appendix. The lower bound of the likelihood

is

p(y | B) = h(B,&)E T (&) exp {BT Xiys/2 — &/2 — ME)(BTX:)* — €2)} .
i=1

Adopt the same priors as in the previous section, and replace the likelihood

by its lower bound h(3,¢), then the new objective function becomes,

logp(y) > L(qs,qy,0,0,€)

[ [ ot g NGB Y | 9 Oe)y g,

The goal is to maximize the objective function L£:
[Update of ¢g]

logq(B) = E_glog[h(B8,&)7(B|v,0)]+C
_ z o7 Lux, z NE)(BTX) — L8 ding(2)8
— _%ﬂT(Q zn: ME)Xi X] + diag(A;)/0*)B + BT En: %in
P P
So ¢(B) = N(m, D) with
D'm = zn: %yX D1=2 zn: ME)Xi X + diag(A;) /o,

i=1 i=1

which is equivalent as the updating formula in Section 5.2.2 if we let w; =

2A(&:)-
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[Update of ¢]

= log((&) — &/2 — M&)(Ea(B"X,)* — &)
R { 1 1

= —log(1+ e*&) 57 2—& 116 5] (Eﬁ(/@TXi>2 — &)

After some calculation,
& =X/ (D+mm")X;,

which is the same as Ez? in Section 5.2.2.

To conclude, for the variational algorithm, the local approximation method
with a local parameter ; is equivalent to the Polya-Gamma method with a
latent variable w;, where the local parameter &; plays the same role as the

second Polya-Gamma parameter c; .

5.3 Empirical Results

Dense feature example (glmnet).

We use the example from the glmnet paper (Hastie and Qian, 2014) to com-
pare our method with LASSO on the logistic model. Suppose there are
n samples and p random variables xy,...,x, that are generated from the
standard normal distribution, with the same correlation p(x;,x;) = p. The

coefficients in 3 are exponentially decreasing in magnitude:

Bj = (=1)7 exp{—2(j — 1)/20}.

Let z = XB+¢, where € ~ N(0, 3I) is the noise term added to the model. The

response variable is generated from a Binomial distribution with probability:
Ply=1)=1/(1+¢7)

In this example data, the absolute values of the first 30 coefficients drop
exponentially from 1 to 0.05. Because of the property of dense feature, we
focus more on the prediction efficiency rather than model accuracy. We

compared our method with LASSO using glmnet R package. Two criteria
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are used here to measure the prediction accuracy: the 0/1 loss function and

the negative log-likelihood.

Method 0/1 Loss Neg-log- time (s)
likelihood

p=0:

LVB 0.3551 -629.44 124.10
(0.0173) (12.54)

glmnet 0.3420 -629.92 69.05
(0.0159)  (26.65)

p=0.5:

LVB 0.4065 -666.55 121.68
(0.0248)  (13.63)

glmnet 0.3877 -673.62 85.90

(0.0157)  (23.37)

Table 5.1: Dense feature example. The mean and standard error (in
parenthesis) of the 0/1 loss and negative log-likelihood from 50 simulations
with different correlation p are shown for both LVB in Algorithm 4 and
LASSO from the glmnet package.
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Appendix A

Supplementary Material of
Chapter 2

A.1 Proof of Theorem 2.1

Proof. Recall the EM algorithm returns

’S/nj = ]_, lf ]E,gnl@(t)?y [6,,21]} > Tn,

where the threshold
CA72 ( (%] é
r, =-——""—|log— —2lo nA>:On_T010 n
1/1)0—1/1)1 g’UO gl_e ( & )

n

and the conditional second moment of 3,; is equal to m? + 62V;; with

m = (XX, +D H'XI(X,8; +e,)
= B - (XIX,+DH D@+ (XX, + D ) 'XTe,

1— A A
V = (XX, +D)', D= diag (A n ﬁ) .
Vo U1

Here we represent the posterior mean of 3,, as three separate terms: the true
coefficient vector 3%, the bias term b,, and the random error term W,. So

n’

the event {4, =~} is equivalent to

{ min m? + 62V, > Tn} N { max m? + 62V, < rn} . (A.1)

jw:ljzl ]:’y;;j:()
First we prove the following results that quantify m? and Vj;.

(R1) Vj; is upper bounded by the largest eigenvalue of V,

1

<~ O™y <01 = T, A2
PSS = 0T < O ogm) =i (A2)

Vi
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(R2)

(R4)

where for two sequences {a,} and {b,}, we write a,, < b, if a,, /b, — 0.

The bias term b,, is bounded by

max [bn| < |[ball2 < I(Xn X+ D7) 2 - [ D78, Iz

1/’00

|, — ro—n1+12
SO wern yon AR AR R CE)

When ro < 2(m1 — 12)/3, max; |by;|*> < O(n~" logn) = r,.

The matrix L, norm is defined as [[Als = sup,; [[Av|[2, which is
equal to its largest eigenvalue (singular value) when A is symmetric

(non-symmetric).

Note that W, is not a Gaussian random vector due to the dependence

between D and e,,, but it can be rewritten as
W, = (XIX,+ D H'(XIX,)(XEX,) X e, = AW,

where A = (XIX, + D)7 (XIX,) and W, = (XZX,)'XTe,.

Since A is a matrix with norm bounded by 1, we have

max W] < ||A||oom?X|an| < Vol Al m§X|Wna‘| < \/ﬁm?Xanl-

W, = (XTX,)'XTe, is a Gaussian random vector with covariance
0?(XTX,,)~" and mean 0. So the variance for W,,; is upper bounded
by o2\, 1.

Recall the tail bound for Gaussian variables: for any Z ~ N(0,72),

+2

P(|Z| > t) = P(|Z] /7 > t/7) < %6_272.

With Result (R3) and Bonferroni’s inequality, we can find a constant
M > 0 such that

P(max [W,;| > /) < P(max |W,;| > \/r/p)
J J
< p-P(|Wns| > /1a/D)
< VP O (e Mmm 107",

Tn)\nl
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which goes to 0 when rq < 71 — . So with probability going to 1,
max; |W,;| is upper bounded by /7.

(R5) When 1 — 73 < 1o, min;.,»— |By;l? ~ B~ = O(n~"logn) = ry.

Now we prove (A.1). Given 1 — 53 < 19 < min{n; — «,2(n; — 12)/3}, we

have

P ( max (m} + 6.Vj;) > rn) < P max|bn]] +max]Wn]\)2 + 62 max Vj; > rn)
J

I, =0

IN

1P>< min (m? + 6.Vj;) < rn> < P( min |85]* — (max |by] —|—max‘an’)2 < rn)
J J

(
P(maX\WnJ]>\/_ ) O(e~Mmm77),
(

(o

j:’y;j:]' J: 'Ynj—]-
< max |W,,;| > \/_) (e’M”m_TO_Q).
So (A.1) holds with probability 1 — O(e=M""""%) — 1. O
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Appendix B

Supplementary Material for
Chapter 3

B.1 Proof of Proposition 3.1
Rewrite the objective function Jy in (3.9) as

7(v,8y,0,0°)7m(0,0% | y)
q(v,B)

7-‘-(776 | y7970-2) 2
d~ dB + log 7(0 .
B ~dB +logm(f,0° | y)

Jo(q.0,0%) = /Q(%ﬁ)log dvdg

= /q(%ﬁ) log

Note that the first term above, a negative Kullback-Leibler distance between
two distributions, is bounded above by 0, and equal to 0 if and only if the

two distributions are the same (almost surely). So

Jolg,0,0%) < logm(0,0% | y)
< maxlogn(d, 0% |y)

T 0,02

= logn(0,6%]|y)
where 6 and 62 are the MAP estimates defined in (3.5). Define
¢'(v.8) =7(v.8y.0,6%),
and it is easy to check that
Jo(q*,0,6%) =logm(0,6° | y).

That is, 7 (7, By, 0, 62), along with the MAP estimates 0 and 62, maximizes
Jo(g,0,0%). Therefore [ ¢*(,3)dB is the same as 7(v]y, 0,62).

85



B.2 Implementation of SAB

Stopping criteria

SAB iteratively updates (m,D, ¢1.,,60,0%) to minimize the objective func-
tion (3.11) until convergence. A natural stopping criterion would be based
on the change of the objection function. However, evaluating the objective
function in each iteration requires some additional computation that is ir-
relevant to the updating procedure, such as computing the determinant of
D, a p x p matrix, which increases the overall computation cost. Since our
primary interest is variable selection, what matters is the convergence of the

variable inclusion probabilities ¢;’s. Therefore we monitor the entropy of the
parameter ¢ = (¢1,...,¢p):

Ent(@) = — > ¢;log gy — Y (1 —¢;)log(1 — ¢;), (B.1)

and stop the iteration when the change of Ent(¢) is below some pre-specified
threshold.

Fast computation of matrix inverse

In SAB, at each iteration, we need to compute the inverse of a p X p matrix
V, = (XTX + A;)!, where

(®) (®)
1-— gbj N QSL P
Vo V1 7/ j=1

A, = diag(

and gbg-t) denotes the value of ¢; updated by formula (3.14) at the ¢-th itera-
tion.
When p > n, we can use the Sherman-Morrison-Woodbury formula to

compute the inverse of an n X n matrix instead, namely,
(XTX +A)7 =A"— AXT(I, + XA XTI XA (B.2)

So at each iteration, the computation cost for inverting this matrix is of the
order O(min(n,p)?), which is still time-consuming when both n and p are
large.

Next we describe a sub-optimal updating rule to reduce the computation
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cost. Note
Vi = (X'X+A0) ' = (Vi + A0 —A) ™ (B.3)

Suppose we only update those ¢;’s whose change is greater than a threshold
(e.g., 0.01). Let I be the number of ¢,’s that are updated at iteration (t+1).
Then the matrix Ay — A, is a rank-/ diagonal matrix with entries equal to

zero except the [ diagonal entries where ¢§+1 #+ qﬁgt). So we can write
At+1 - At - JtGlJtT

where G is an [ x [ diagonal matrix and J; is a p x [ matrix with entries 0/1.

Applying the Woodbury formula, we have
(XTX + A1) ' =V, = Vi (G + JIV] T TV (B4)

That is, we only need to inverse an [ X [ matrix, so the computation cost is
just O(3).

To summarize, when the dimension 7 is small, we can use (B.2) to reduce
the computation from O(p*) to O(n®). When both n and p are large, we
can use the sub-optimal updating rule, i.e., only update ¢;’s whose changes
between two adjacent iterations are bigger than some threshold, then we can
further reduce the computation to O(I*) where [ is the number of ¢,’s that

are updated in the iteration.

Choice of v; and v

The variances of the spike-and-slab prior, vy and vy, reflect the magnitude of
coefficients in the noise and the signal groups, respectively. Their values may
affect the results of SAB. Like in most other variable selection algorithms, we
suggest the following pre-processing procedure: center and scale the response
vector y and each column of the design matrix X to have sample mean zero
and sample variance one.

We suggest to choose v; = 1 as a default value. Regarding the choice of
v, we suggest several alternatives. The asymptotic result presented in the
next section suggests to set vg of an order O(n~) where 0 < o < 2/3 when p

is fixed. In practice we have found that vy should also change with p. Based

87



on our experience, we suggest to choose vy = 1/4/10np, which is the value
we will use through our simulation studies. Instead of using a fixed value
for vy, we also suggest to try a range of vy values and then tune vy via cross
validation. In addition, one can plot the path for ¢; and m;, the posterior
probability of being non-zero and the posterior mean for the j coefficient,

respectively. See Figure 3.1 and the discussions therein.

B.3 Conditions and Proofs of Theorems in
Section 3.3

Conditions

Recall that y,, are generated from the following linear regression model
Y = Xo8, + €, (B.5)

where e,, is an n-dimensional random vector with each element independently

distributed as N(0,¢?), and B} = (8}, ..., 5;,)" denotes the true regression
coefficients. Define the true model index v* = (v7,...,7;)" as 75 = 0, if

B; =0, and 1, otherwise.

We focus on the case where the design matrices are given deterministic
matrices. So throughout, we assume p = p, < n, otherwise model (3.17) is
not identifiable i.e., the true coefficient B; is not uniquely determined (Shao
and Deng, 2012; Fan and Lv, 2010). But the number of parameters p is still
allowed to diverge to infinity when n — oco. The data y,, the design matrix
X,, and the regression coefficient 3,, form triangular arrays.

We assume the following conditions. Note that some conditions could be

relaxed and we do not intend to make them minimal.

(C1) Assume )\, the smallest eigenvalue of matrix X! X,, satisfies
Mi=0Mn")>0, m<l1

This condition is imposed to control collinearity among the columns
of X,,. For example, if some columns of X,, are co-linear, then \,; is
zero. In the finite p case, we often assume that (X2X,,)/n converges

to a non-degenerate p X p matrix, so that (C1) is satisfied with n; = 1.
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(C3)

But when p diverges, the minimal eigenvalue of (X2X,,) is usually of

order o(n), so m < 1.

The Ly norm of the true regression coefficient 3 satisfies the following

sparsity condition
18] = O(n™), m >mn>0.

For example, if the number of non-zero coefficients is of order O(n*")
and each non-zero coefficient is upper bounded by some constant, then
condition (C2) is satisfied. For finite p and fixed 8%, (C2) is satisfied

automatically with 7, = 0.

We require 7, is upper bounded by 7;. A similar condition is also
imposed by Shao and Deng (2012). Different from the ordinary least
square where the estimate of the regression coefficient is unbiased, SAB
makes its inference on 3 based on ridge regression, so will encounter
a bias term. This condition is needed to control the magnitude of the

bias.

The minimal non-zero coefficient satisfies
.. .minjes: | 5]
hH}lle W Z M,
where 1 > n3 > 0 and M > 0 are two constants not depending on n.

This condition ensures there exists a gap between the magnitude of the
smallest non-zero coefficient and the noise (of order n=/2), so we could
asymptotically detect even the weakest signal. Similar conditions are

also assumed for selection consistency of LASSO.

The hyper-parameters in our priors specification are (ag, bp) in the Beta

prior for § and (A, v) in the InvGamma prior for 0. Assume

ap = O(p), bo = O(p), o =O0(n), vo = O(1). (B.6)
The choice of hyper-parameters suggested at (B.6) is purely technical,

which ensures that 62 and 6, behave like Op(1) when both p and n

go to infinity. In fact, we can plug-in any fixed constant for # and o2,
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which does not affect our proof for consistency. So this condition does
not imply that (B.6) should be used as the default choice for hyper-
parameters. Other choices of hyper-parameters should be fine for real
applications as long as the MAP estimates do not diverge to extreme

values.

Proof of Theorem 3.1

Theorem B.1. Assume conditions (C1-C4), and p = O(n®) where 0 < o <
1. With vy fized at constant and vy = O(n~") with,

1 —n3 <rg<min{n — «a,2(m —n2)/3}. (B.7)

Then for any constant C, > 0 and C, = o(logn), with probability 1 —

o(e= MmN “e have
max lo <« —-C, and min lo I > C,, B.8
Jry;=0 & 1 — ¢n; Jvi=1 & 1 — @n; (B8)

where M 1s a positive constant.

It is easy to show that (3.18) holds as a consequence of Theorem B.1 with
C, = 0.
Proof for Theorem B.1 Recall

nj Loy mp+Dogy 11 O
1 = —log—+ —F— = (— — — 1 _
8 1— ¢nj 2 08 U1 + 26'721 (UO Ul) + 8 1— en
1 Uy Mpi\2 = Dnji1/1—vo/01 0,
= e+ [(GB) + 22 (e ) Tl Ty
5 og " + TS + % 262 + Ogl—én

where m,,; denotes the jth element of m,, and D,;; denotes the jth diagonal

entry of matrix D,,. The updating formulae for m,, and D,, are

m, = (XIX,+A,) 'XI(X,.0*+e,)
= B — (XX, +A,) AL + (XIX, +A,) ' Xe,
= /6* - bn + Wna (BQ)

D, = 62(XTX, + A) ", A, = diag(2 4+ L%,
U1 Vo
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In (B.9), we express m,, into three terms: the true coefficient 3*, the bias
term b,,, and the projection of the error W,,. Note that W,, no longer follows
a Gaussian distribution since A,, is random depending on e,,.

First we list some key results which will be used in the proof.

(R1) With condition (C4), we have 62 = 1 and |log, /(1 —6,,)| bounded by

a constant.

(R2) The diagonal entries of D,, can be bounded from above by its largest
eigenvalue, which is further bounded above by (A3 + 1/v1)7?,

Dnjj < l 1 _ O(nm_m).
Vo UoAnl%—l/Ul

(R3) The bias term b, is bounded by

bl Ibulls _ 1
max < =
e S v v

1 1/U0
V00 An1 + 1/0y

_ O(n3ro/2—n1+nz )7

(XIX, +A,) A,

187l

which goes to 0 when ro < 2(m — 12).

(R4) With probability tending to 1 exponentially, the maximum of W, /,/vy

is bounded above by a constant.

Although W, is not a Gaussian random vector due to the dependence
between A,, and e,,, we can write it as an (random) affine transforma-

tion of a multivariate Gaussian random variable:

W, = (XIX,+A,) Xle,
= (X'X, +A,) 7 (XIX,) (XIX,) ' Xle,
- (XTX, +A,) 7 (XIX,)W,,
where each an is a Gaussian random variable with mean zero and

variance bounded by A.. Let A = (XIX,, + An)_l (XIX,). Using
the result on ||Al|» (the infinity norm) and ||A||2 (the spectral norm),
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we have
%MM%|SHMW%MMM§v@MM%MMM

Note that || A||2 is equal to its largest singular value which is the same as
the largest eigenvalue of (I, + (X2X, )~/ 2An(X2Xn)_1/ Y=L denoted
as (I, + L)~!. Since L is positive definite, any eigenvalue of (I, + L)

should be greater than 1. Therefore we have
1Al = 1T, + L)~ Hl2 < 1.

Note that a Gaussian random variable Z ~ N(0, 72) has its tail proba-
bility bounded by

2

2 1t
P(|Z] >t) =P(Z|/T > t/T) < \/jge_%?,
s

for any positive t. Recall that an is a Gaussian random variable with
variance upper bounded by A.!. So we have that for any constant
¢ > 0, there exists another constant M > 0 such that

\/ﬁ‘Wnﬂ p ? An100
Pl Y—— < - )
( Vo ~ C> =0 An1vg Pt 2 p J

Apply the Bonferonni’s inequality, and the fact that ||A|2 < 1, for any
c> 0,

]P’(maX|W—"J|>c) < P(maxm>c)
J Vo J \/U_()

2
p c® A1
< O -
o (p )\nlfuo exp{ 2 p })

= o(exp{—Mn""0"}), (B.10)

for some constant M < ¢?/2, which goes to 0 when ry <1, — a.

Now we prove (B.8). For «; = 0, we have 8] = 0 and by results (R2) and
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(R4)7

2
(mnj Dnjj) ( [bnj | \an’>2 Dy
max (| — + —= < max + max + max

35 =0 \ g Vo i /o i 4/t i U

W\
< O(n3r072r]1+2n2) + rnax’ nJ| —I—O(nm*m)
i

Under the condition 79 < 2(1; — 12)/3, both the squared bias term and the
variance term go to zero, so there exists a constant C' > 0 that for large

enough n,

m2. D, W,
P( max (ﬂ—i-ﬂ) > 02> < IP’(maxu > c> = o( exp{—Mn™m"0"})
v

Jy=0 0 () J Vo

By results (R1), with probability o(e=Mn"™"°™%),
¢n] 1 U1
ax log ——— = —-log — + O(1) = —O(logn) < —C,,.
e 2 %% 0, (1) (logn)

For «vf = 1, by results (R2-R4) we have

m2. D x b W [\2
min (—2 + —2) > ( min —lﬁjl —max| ni| —max| W|>
ini=1" g Vo Jr=1 /Uy i /v i y/u

2
> O(nro—2n3) _ O(n3ro—2n1+2n2) N (max ’anl)

i /o

Under the condition ry > 273, the dominate order of the left hand side should
be O(n"~%1) which is greater than —1log 2t = —O(logn), with probability

vo

o(e= M 07 - Therefore
max log —2— = O(n™ ™) > C,,.
Ji=1 & 1-— ¢nj ( )

Combining the two inequalities, (B.8) holds for C;, = o(logn), and we have

P(S, = S¥) =1 — o(pexp{—n"""0}) — 1.
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Proof for Theorem 3.2

Using the result that [[;(1 —p;) > 1 —3_,p; where 0 < p; < 1, we have

1—g(v") < Z 1_¢n3 Z Pnj-

Jyj=1 gy =0

That is, the sum of probabilities on the incorrect models is upper bounded
by the sum of the marginal probability of including a noise variable j or
excluding a relevant variable 7. When p is fixed, Theorem 1 implies strong
consistency since each of the p terms on the right side goes to 0. But when
p = p, diverges with n, each term going to 0 does not guarantee that their
sum also goes to 0.

Theorem B.1 allows the constant C,, to vary with n, and it still holds if we
let
d < rp. (B.11)

Then we have

JES)
0\ 1/2
von B P
p( " ) =0 o)

which only diminishes to zero for p = O(n®) = o(n("=9/2)  that is a <

1 —q(v,) < pxmax { max(1 — ¢n;), r_n%x %;}
]

(ro—0)/2. Apparently, if we just require p < n, then SAB does not necessarily
achieve Bayesian consistency. To fix this problem, we need to let v; grow
with n: if v; = O(n"™) where 7, is a constant satisfying r; > 2o — rg, then
Theorem 1 still holds for C,, given at (B.11) with 6 < r¢ + r; — 2c, and we

have

IN

. vond\ 1/2
1 —g(v") p( 0 )
U1

= O(po(ntro=9)/2y
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Appendix C

Supplementary Material for
Chapter 4

C.1 Lemma and properties

In this section we list some lemmas and properties that will be used in later
proofs. Suppose A is a n X n matrix, \; < ... <\, are the n eigenvalues of

A in non-decreasing order.
e If A is symmetric, x is any unit vector, then
M <xTAx <,
In particular, Ay < a; < A\, where a;;’s are the diagonal entries of A.
e If A is symmetric, then for any vector b,
[Ab[| < |A[ - [[b]| = An[[b].

Here the norm of a matrix is defined as ||A[| = sup,—; [|Ax]|.

e For any ¢t > 0, a Gaussian random variable Z ~ N(0,72) has its tail

probability bounded by
27 _1
P(|Z] > t) =P(|Z|/T > t/T) < \/ige 272,
T
e Weyl's inequality. If A and B are two symmetric matrix, and A;(-)

denote the function that returns the j** smallest eigenvalue from a

matrix, then

>
Z
<
C
A

Airj-1(A + B)
Aitj-n(A +B).

>
E
+
R
C
v
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In particular
Mi(A) + 2 (B) < N(A+B) < N(A) + M. (B).
The inequalities also hold for singular values.

e Multiplicity version of Horn’s inequality (Bhatia, 2001).

Aj(A)AL(B) < A (AB) < Aj(A)A.(B).

C.2 General results
Recall the update rule for the inclusion probability ¢;:

¢j B 1 o) m]2~+Djj 1 1 0
1—¢j_2 V1 202 Vo V1 1_é

log (4.4)

For the sake of simplicity, assume 6 = 1, and 6 = 1/2. The event {S, = S*}

is equivalent to

: 0
A, = {Jrrelgg[m? + D](-j)] > T(O)} N {%%}*([mi + Djj;] < 7,(0)} (C.1)
where the threshold r(©) ~ vylog & ~ n=" logn.

V0

The posterior mean and variance of the coefficient 3 are
m= (X"X+A)" X"y, D=X'X+A)",

where A is a diagonal matrix with A; = f—i + % We discuss the following

scenarios in later proofs:

1. At the first iteration, initialize with everybody included, i.e. ¢© =

1,...,1), then we have A; = 1/v, which is used in Theorem 4.1 for
j
full-rank data.

2. At the first iteration, initialize with everybody excluded, i.e. ¢© =
(0,...,0), then we have A; = 1/vy ~ n™, which is used in Theorem

4.5 for high-dimensional data.

3. At later iterations, without loss of generality assume the first ¢ variables
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Cn ~ pla=m0-r1)/2 a9 the cutoff value for

are the signals. If we let ¢y = e~
the partial updating scheme where « is any small positive number, then
the inclusion probability ¢** = ((1 — ¢1)17,¢11;,_,)', with probability

going to 1. So A = diag(c;1, ¢, 1;,_,), where

1—c¢ c c 1—c
1+_1 1+ 1

cr = ~ plofrom)/2 e 2L ~n".  (C.2)
U1 () U1 Vo
We rewrite m as
m = (X'X+A)'XT(XB +e)
= B - (ATXTX+1) 78 + (XTX + A) ' Xle
= B"—b+W. (C.3)

Here m is decomposed to three terms: the true coefficient 3*, the bias term

b, and the error projection term W. Then we have

max [m?+ Dj;] < QmJaX |b;]* + 2mj:;1x W, + m]axDjj

min [m? + Djj} > 1rnin

2 2 2

The idea of proving selection consistency is to find the probability of the event
(C.1) by comparing the relative order of the four terms: max D,;, max |b;|?,

3|2, with the threshold r(®, under different scenarios of

max |I/Vj|2, min;eg:

A.

For high-dimensional data, assume the signal terms X; is rank ¢q. Write

—1
XTX, + ¢/, X7X, ) B (U1 U2>

XX+ A)t =
( ) ( XTXy  XIXs + enlnyg Uy Us

Apply the formula of block-wise inversion, we have

Uy = (XL, XiAXD)Xs + culyy)
U, = —AXTX,Us
U, = A—i—AX?XzUngXlA

where A = (XTX; + ¢,1,)7!. Then we have the following lemma.
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Lemma C.1. Assume Apax(Px, Px,) < 1—c. Denote the largest and smallest

positive eigenvalues of XX are A, and M\, respectively. Then we have

A An1 1
Mo (X AXT) = — ™ ~ 1 gpan(XGA) = o~
( ! 1) )\nn+ct “ ( ! ) /\nl +Ct )\nl
A 1 Ant 1
)\maxXUXT<$:_7 maxXU < = =
(XoUs 2)_0)\nn—|—cn c Tmax(Xo 3)_0)\n1+cn Vo
A (XUXT)<1 (X,Uy) < ! + ! !
mazx = ) O maz s ~
e c o \/)\nl C\/)\nl CvV /\nl

Proof. First, Amax(A4) = (A1 +¢)7F = AL

Write the singular value decomposition X; = PyD;QT, and Xy = P,D,QT,
where Dy and D are the ¢ X ¢ and r X r diagonal matrices respectively and
r is the rank of X5, then

X AX] = X (XTX; +edy) ' XT
= PDiQ{(Q1DIQT + 1)~ 'QiDy Pl
= Pl +aDy?)7 R

So the matrix X; AXT has exactly ¢ non-zero eigenvalues and A, (X AXT) =
(1 + ¢;/Aun)™' < 1. By similar derivation, we can prove op.(X14) =
VA1 /a1 + ¢) = )\;11/2, while the details are omitted.

From this result, we have XIAXlT < I, therefore

Us = (XZ(I, = X4 AXD) Xy + euly ) < ',
s0 that Apax(Us) = ¢,

XoUsXE = Xo(XT(I — X3 AXTYX, + el g) ' XE
= PyDyQY(QuDyPI(I — Xy AXT)PyDyQY + c0]) ' Qu Do PY
= Py(PI(I, — X AXT)Py + ¢, D7) PT

Py(I, — P{ Pi(I, + D7) ' Pl Py + ¢, D) 7 P

< Bl — PYPPIPy+c,Dy%) Py

From condition (C5), we have Apax(Py PPEPy) = Apax(Px, Px,) < 1 —c for
some constant ¢ > 0, so that A\pax(XoUsX?E) < (¢ + ¢uf/An) ™t =~ ¢t The

proof on oy, (X2Us) is similar and thereby omitted here for conciseness.
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From X U XTI = A+ A, XoUsXT Ay where A} = X AXT | and A\pa (A1) ~

1, we have

1
Amax (XiU1XT) <141 X Apax (XoUsX3 ) &~ ~.
c
From X U; = X A — A, X,UsXT X[ A, we have
Omax(X1U1) < Omax (X1 A) +0max (A1 XoUs XT X, A) < ! + L1
max 1Y1) = Umax 1 max 1A2U3 A9 A _\/)\_nlC\/)\_nl_C\/)\_nl

]

C.3 Proof of Theorem 4.1

In this theorem, we consider the selection consistency for the first iteration
with everybody-in. So the posterior mean and variance of the coefficient 3

are

m = (XTX + ¢oI) X"y, D = (XX + cI),

where ¢y = 1/v; is a constant. First we decompose m as in (C.3) and present

the following key results for the proof.

e The diagonal entries of D© can be upper bounded by its largest eigen-

value,

1
0 _
DY e (X ) ) <

= O(n™™m).
- )\n1—|—C0 <n )

e Bound for the maximal of the bias term b(® = (¢g'X"X + Ip)_lﬁ*:

1

O < b0 < — =
m]({'lx|] |_H H_)\nl/c()—i_]-

18°[ = O (n™™)

e WO ig a Gaussian random variable with mean zero and covariance:

Var(W®) = o3(XTX + ) ' XTX(XTX + ¢oI) !
< A(XTX 4 )
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So the variance of each Wj(o) can be bounded by its largest eigenvalue:

Var(W ) < 0\ pax (XX + o)1) = O(n™™).

Using Bonferroni’s inequality and the upper tail bound for Gaussian
random variable, we have that for any t > 0,
271 _ &2

(0) (0) -
IP’(IH?XWJ- |>t)§§j:1@<|wj |>t>§p “Teir(CH)

where 72 = Var(VVj(O)) = O(n™™). Let t> = r® ~ n~"0 logn, then

P(max |V[/j(0)]2 > 7’(0)> = o(pexp{—n"""}).
j

With the results above and (C.4), we have

0)2 0 0 0 0
g{é%z( [mg 24 D](-j)} < QmJaX |b§ )2 + QmJaX |Wj( 2+ max D](-j)
< O(n*™*M) 4+ max H/I/'j(o)|2 +O0(n™™M)
j
Under the condition 7o < min{ny, 2(m —n2)}, both the squared bias term and
the variance term are smaller than the order of threshold (¥ ~ n="0logn,

so for large enough n,

P(max[m§0)2 + D] > T(O)) = P<max WP > r(0)> = o(pexp{—n"""})
i#S; ;

On the other hand, with (C.4) we have

1 .

— min
3 jesy

> O(n~®) — O(n*=~21) — max [W "|?
J

: (0)2 (0)
min [m;™ + Dy;')

Y]

B — maxc o |* — max [ W72
J J

Under the condition ry > 273, the dominate order of the left hand side should
be O(n~2™) which is greater than the threshold r(®). Therefore,

P ((min [ + D] < ) < B(max (W > 1) = o(pexp{-n™ "))
jes; 5
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Combine the two inequalities,

P(S, = S¥) =1 —o(pexp{—nm""0}) = 1.

C.4 Proof of Theorem 4.2

Recall that SAB approximates the posterior distribution over =, by ¢, a
product of independent Bern(¢,,;). SAB achieves strong Bayesian consistency

for variable selection if:

)= I o]l ] 0—0n)] =1

j:'Y:szl j:'Y:LjZO

or equivalently 1 — ga(7;) — 0. Using the result that [[;(1 —p;) > >, p;
where 0 < p; < 1, we have

1—g(v") < Z(l — fnj) + Z Pnj- (C.6)

jesy J#S5

That is, the sum of probabilities on the incorrect models is upper bounded
by the sum of the marginal probability of including a noise variable j or
excluding a relevant variable 7. When p is fixed, Theorem 1 implies strong
consistency since each of the p terms on the right side of (C.6) goes to 0. But
when p diverges with n, each term going to 0 does not guarantee that their
sum also goes to 0.

In equation (C.5), let t = 7 * \/2log p, then the upper tail bound becomes
O(1/+4/1og p) which goes to 0 as n goes to infinity. That means

max W} = Op(n™"/”\/logp). (C7)

which is smaller than /7y ~ n~"/2\/logn. So the leading term in (4.15) is

(1) 1) |2
y 1 . !
lOg (bj (1) = _logﬂa ] §é S:m IOg ¢j (1) = |BJ| ) j € S:;
1— ¢ 2 (1 1— ¢ 209
Let .
C, = =log ke , 0<a<mn. (C.8)
2 VN
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Instead of using 0, if we use the new cutoff C, for the logit of inclusion

probability, the selection consistency in Theorem 4.1 still holds, i.e.

6V oV
<—Cp) =1, P(minlog—L—=>C,) = 1. (C.9)
I R

P( maxlo
(j¢sz *1- o\

Then we have

1=g(7,) < pxmax {rjggf;(l = Pnj), MAX %}

von*\ P
< Op(p Ul)—op(m)7

which only diminishes to zero for p = p, = o(n™~=®/2). For example, if we

just require p < n, then SAB does not achieve strong consistency. As pointed
out in (Narisetty and He, 2014), to achieve strong consistency, we need to
let v increase with n. If we set v; ~ n" where r; is a constant satisfying
r1 > 2 — 1p, or more generally p = o(n("+71)/2)then Theorem4.1 still holds

for C,, given at (4.14) with small enough «, and we now have

1 —¢(#") < pxmax {%%%c(l — Onj), ?é%ff %}

_ p P
— 0p (n(r1+ro—a)/2> 0.

C.5 Proof of Theorem 4.3

We only need to prove for ¢t = 2 case and then the others are followed.
Without loss of generality, we assume the first ¢ variables are the true ones.
As shown in the proof for ¢ = 1, the partial inclusion probability ¢P* is a
bi-valued vector with probability 1 —o(pexp{—n"""0}). Conditioning on the

bi-valued ¢P*", the new posterior mean and variance for 3 are

m® = (XX + A)"' X"y, DO = (XTX +A),

where A = diag(ci1;,c,1;,_,), ¢ = O(nletro=r)/2) "and ¢, =
a4 L=a — Q(nr).
V1 V0

If we assume r; > 19 + «a, then ¢, = o(1). The key results listed in the

proof of Theorem 4.1 still hold:

-
&
A
+
dlﬁ
S =
I
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e Since (XX + A)~! < (XTX +¢,I)7!, the diagonal entries of D) can
be bounded by its largest eigenvalue,
1

D' < =O0(n™™).
J = )\nl + ¢ <n )

e From AB* = ¢3*, the bound for the bias term b = (XTX +
A)TAB s
Ct
)\nl + ¢

max [0} < bV < 187 = O (™)

e WO is a Gaussian random variable with mean zero and covariance:

Var(WW) = o(XTX +A)XTX(XTX + A)!
< AXTX+A)h

So the variance of each Wj(l) can be bounded by its largest eigenvalue:

0.2

Var<wj<1>) < A (P(XTX + A7) = S

=0(n™™m).

Using the similar inference as in Theorem 4.1, we can prove that after the

second iteration we still stay the correct model with probability,

P{6? <1, ¢ SN {0 >1—c,5€5:)) = (1 —opexp{—n""}))".

C.6 Proof of Theorem 4.4

To discuss the prediction error, we use the estimate 8 = m - 4 from SAB,
where the posterior mean m = (X" X+A)"' X'y, and A = diag(c,1/, ¢, 1),
as in (C.2). From Theorem 4.3, ¢**" = ((1 —¢1)1;,¢11;,_,)" for the event A,
in (C.1) with probability (1 — o(pexp{—n"""0}))" after t-th iteration. We

consider the two terms of the prediction error,
E|XB - Xp'|* = E|XB — XB"|*14, + E[|XB — XB"|*La;.  (C.10)

Since the probability of AS going to zero exponentially fast, while IEHXB —

X B3*||? can be bounded by polynomial of n, the second term above is bounded
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by o(1).
Denote the top ¢ x 1 subvector of m as ﬁl and the rest Bz. The design
matrix X = (X, Xy) where X; represents the n x ¢ signal variables. Then

the prediction error in A, can be written as,
E|X8 - XB"|*14, = E[X, 8 — X, ;|
Then we work on E||X;8; — X18;||2, which can be decomposed into,
EIXi8) — X8 = tr(X,Var(8)XT) + [X;bias(By) . (C.11)
From (C.10) and (C.11), we have
E[XB - XB°|” = tr(XsVar(B1)XT) + [ Xybias(B1)|* + o(1).
For the variance part,
Var(8) = (XTX + A) 'XTX(XTX + A) ' < (XTX + A)~
Write the first ¢ x ¢ submatrix of (XX + A)~! as Uy, so that
tr(X; Var(3))XT) = tr(X, U, X7).
From Lemma C.1, the variance term is bounded by,
tr(Xy Var(B1)XT) < ¢ X Anax(Xa Ui X]) = O(qn™).
The bias term bias(B) = (XTX + A)"'AB*, with AB* = ¢,3%, so we have
IXbias(B0)|* = X UresBi | < o XU ||B7|P = O 707 7mt2m),

which is of o(1) if we choose r; large enough such that r; —rg > 21y — 7.

104



C.7 Proof of Theorem 4.5

First we aim to prove that after the first iteration, i.e. with probability
1 —o(pexp{—nm—"0}),

max {gré%i((l — qﬁ( ) I%%X q§( )} < e O = O(n-(ntro=e)/2), (C.12)
So the partial inclusion probability after the first iteration is ¢§™ = 1 — ¢,
for j € Sy, and @i = ¢y, for j ¢ S} with probability going to 1. Then we
only need to prove (4.20) for ¢ = 2 case and the others are followed. Without
loss of generality, we assume the first ¢ variables are the true ones.

To prove (C.12), since we initialize with everybody excluded, the posterior

mean and variance are
m® = (XTX 4 ¢I) !XTy, D@ = (XTX + ¢,I)*

where ¢ = 1/vg ~ n".
The similar results as in Theorem 4.1 can be obtained, but with some

modifications.

e The diagonal entries of D can be upper bounded by its largest eigen-

value,
0 - - —T
DY < A (XTX + o) Y) < 5 = O(n™™).

e Recall the singular value decomposition of X = PDQ? with rank r
and the true coefficient is defined as B* = QQ*3*. The bias term can

be written as,

1

b = ('X'X+1I,) B
= ('QD*Q" +1,)7'QQ" "
= Qo' D*+1)7'Q' B

So the bound for the bias term b, is:

max [bf”] < [|b|
J

| < m“ﬁ H — ( T0+772*771)
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e WO ig a Gaussian random variable with mean zero and covariance:

Var(W®) = o%(XTX + ) ' XTX(XTX + ¢oI) !
= 2(QD*Q" + o) 'QD*QT(QD*Q" + ¢oL,) !
= 0?Q(D? + ¢oI,) ' D*(D* + ¢oI,) Q"
2
— 2 d J 2
o°Qdiag (—<d2 n 00)2> Q

J
So the variance of each VVj(O) can be bounded by its largest eigenvalue:

Oy« 2 Al o
Var(W; )_J—()\nl‘i‘Co)Q O(n™™).

Similar to that in Theorem 4.1, using Bonferroni’s inequality and the

upper tail bound for Gaussian random variable, we have

P(max |VVj(O)|2 > 7’(0)> = o(pexp{—n"""}).
j

From the result above and similar to (C.4), we have,

2
2, pO1 < ( | 4 b0 4 w@) + D
?;é%i( [m; ] ?;é%f 187 mjax| | mjax[ i max Dj;

< a4 O(n?ot?r2m) 4 max |V[/j(0)|2 +0(n™")
j

Under the condition ro < 2(1; — 12)/3, and a? ~ r© /(1 + 1/loglogn), we
have (¥ — a2 = r© /(1 + loglogn) > n~", and thus

(0)
]P’( max|m i

§0)2+D§Q)} > 7“(0)) < ]P’(rnax ]V[/j(o)|2 >
JES; J

¥ ) = o(pexp{—n"""}).

1+ loglogn

On the other hand, we have

n [m® + DY > (min|g;| —max ] - ,<0>)2
%g%[m] +D;/] > ]nggﬂﬁﬂ mjax\b]| mjax|Wj |

> b= Ot 2m) — max [WP P
J

Under the condition b ~ 7 (1+1/loglogn), we have b? —r(® = r©) /loglogn >
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n~"°, thus

(0

]P)( min [m(0)2+D§2)} < 7”(0)> < P(Inax ’M/;(O)‘Z >
J

jyp=1 Y loglogn

Combining the two inequalities, we have proved (C.12).

Next we show the selection consistency for ¢ = 2. Conditioning on the

bivalued ¢P*, the new posterior mean and variance for 3 are
mV = (XTX + A) X"y, DW= (XTX+A)™!,

where A = diag(c,1;,cn1;, ), ¢ = 1;—1‘32 +2 = (nletro=r/2) o — a
1;% = O(n').

From Lemma C.1 we get the following key results for the proof.

e The diagonal entries of D) can be upper bounded by its largest eigen-
value. Here we separate the first ¢ diagonal entries from the rest.
1 1

)\nl * )\nl C
1
Cn

DY < Al < =0 M) <O(m™), 1<j<q

DY < Apu(Us) = — =0(n™™), q<j<p.

e Note that AB* = c,B" + (c; — ¢,)(B1",0]_,)", so the bias term is

b(l) — (XTX + A)_lAIB*
= e (XTX+A) 7B + (¢ — ) (XX + A) (BT, 00 )T

1 p—q

= (XX 4 A) B+ (e - ) (B0 B )"
where the first term can be bounded by

len(XTX +A) 78 < [ealXTX +a0,) T QQTB|
= [|eaQ(D? + L)' Q7|

C
— n *I| = O(nrotnz—m
18] = O
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The second term can be divided into two cases,

C J—
max (0] < [[(e — )BT Uil < 58] = O )
- n

b(.l) < — Tl < En | = O(protnztna—m
max (D] < (e~ e Ul < 187 = O(n )

e W is a Gaussian random variable with mean zero and covariance:
Var(WW) = o(XTX + A)'XTX(XTX 4+ A)~!

So the variance of each W;l) can be bounded by its largest eigenvalue
or equivalently the largest singular value of X(XTX + A)~! square.

From Lemma C.1,

Var(Wj(l))ISqu < Ohay (XaUr + X0U5)
= 00 (XA + (X1 AXT — DX,Us X5 X A)
1
< — 2na—my.
- 02)\711 O(n )
Var(W)gejep < 02y (XaUs + XoUs)
= opax (I = X1 AXT)X,Us)
1
< = O(n?m—m),
- CQ)\nl <n )

Using Bonferroni’s inequality and the upper tail bound for Gaussian

random variable,

]P’(max |I/Vj(1)|2 > r(0)> = O(pexp{—nm—2m170}),
j

By similar inference as in Theorem 4.3, under the condition ry < 2(n; —
n2 — N4)/3,we have proved that after the second iteration we still stay the

correct model with probability,

P{¢'? < c1.5 ¢ SIMSY > 1—c1,5 € 823) = (1 — o(pexp{—n™~21-70}))?

(enﬂl—2n4—m )

which goes to 0 when ry < n; —2n, and p = O

108



C.8 Proof of Theorem 4.6

From (C.10) and (C.11), we have
E|X8 — XA = tr(X,Var(8)XT) + [ Xybias(B0)[12 + of1).
First for the variance part, write
Var(8) = (XTX + A) ' XX (XX + A)"' = B'B
where B = (X1, X)(XTX + A)™! = (By, By), and By = X U; + XyUs.

tr(Xy Var(8)X]) = tr(X, BY BiX]) = [ X1 B |[r = > 0;(XiBY)?,

J

where || - ||p denotes the Frobenius norm, and o;(-) denotes the j-th smallest
singular value. The key is to know the behavior of the singular values of

matrix X;Bf. From Lemma C.1,
X, BT = XU, XT + X UoXT = A; — 4, X,UsXE(1 — Ay),

where A; = X; AXT that has ¢ non-zero eigenvalues of O(1). Next we show
the largest singular value of XoUsXT (I — Ay) is 1/4/c.

XoUs X3 (I — Ay) = Xo(XE(T — A)NXy +euly ) ' X3 (1 — A))
= Po(Py(I — AP+ ¢, Dy*) 'PI(I — Ay)

Denote Py = PJ (I — A;)P; so that by condition (C5) Py > I — P] P,PI'P, >
cl,. Since (I — A;)? < I — Ay, the singular value of XoUsXT (I — A;) is
bounded by

02 a(XoUsX3 (I = A1) = Amax(P2(Po + ¢ D3 %) Py (1 — Ay)*Py(Po + ¢, D3 %) ' PY)
Amax((PO + CnD272)71P0(P0 + CTLD272)71)
Amax (P 1) < 1/c ~n™

IN

IN

Therefore the variance term is of order O(gn™).

Next look at the bias term. Since bias(8) = (XTX + A)"LAB*, we can

109



write
IXibias(81)|| = X1 U1e8 || = cllXaUi|[[1B7]] = coomax(XaU) I35
By Lemma C.1, we have 0. (X1U7) < 1/(cv/An1). So the bias term:

2
G BEIP) = O(netro-rriemmmy

[Xibias(By)|* = O 5,

which is of o(n™) if r| > 1o — ro/2.

Therefore, the prediction error of the truncated posterior mean is of O(gn™).
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Appendix D

Supplementary Material for
Chapter 5

D.1 Objective function

L = E[logh(B,&)+logm(B|~,0%) +logm(y | 8) —log q(B) — logq(v)]

= Z log (&) + ]EZ 1B" Xy — (BT Xi + &) /2 — M&) (B X3)* — &)

—% iElog oa,, — ZE
j=1
p

5108 [D] > 651086, — (1 6;)log(1 — 6,)
j=1

J=1

loge—i-z (1 —¢;)log(l —0)

- —Zlog(l—i—e_fi)—l—mTZ(yi Z ZA@ Y(XF (D +mm?)X; — £2)
_—logcr ——X:IE*Z,logoz%—2 QZEBA +Z¢jlog—+z 1—¢)) logl_j
J

+%log|D[

where |D| is computed through the matrix determinant formula when p > n.

D.2 Local approximation

Write log((z) = % — log {e*/?+e*/?} = 2 4 f(z). Note that f(z) =
—log(e*/? +e7*/?) is a convex function of variable z2. Since a tangent surface

of convex function is a global bound for the function, we can bound f(z) by
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its first order Taylor expansion on z2:

6 = 19+ 2 e -
= —/2-+10g(() — 7 tanb(€/2)(* - £)

Write A(§) = Etanh(f/Q) = i [€(&) — 3], then we get

Y3

¢(2) = ¢(§) exp{(z — §)/2 = A(E) (" — )}
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