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I. Introduction 

The analysis of the relevance of variables in high-dimensional regression problems is an important 

and difficult issue. In several problems, we have got man variables but scarce dataset. Because of the 

relative scarcity of the data there is no dominant model in the frequentist framework. Similarly in the 

Bayesian framework using an overall model including all the variables and their interactions results 

in a flat a posteriori distribution over the model parameters, additionally the Monte Carlo simulations 

are typically not tractable and it is hard to interpret the results. A more promising approach is to 

consider submodels with subsets of the predictor variables and to estimate the a posteriori probability 

of the inclusion of a predictor and its corresponding strength parameters. In this paper, I will give a 

short review of Bayesian variable selection with regression models. In the first part, I will present 

some important properties, which leads to different algorithms. In the second part, I will briefly 

describe the Stochastic Search Variable Selection (SSVS) algorithm. 

II. Important properties 

There are a few algorithms which use Bayesian tools to build a regression model. The main 

difference between them is how they define the prior distribution and the weights in the posterior 

model. In this section, I will describe some important properties in variable selection, following 

O’Hara and Sillanpää [1]. 

The sparseness is one of the most important properties of a model. The model complexity is 

related to the sparseness, but it cannot be said, that a sparser model is better in all cases. In a 

regression model, the easiest way to achieve the sparseness is to give a prior probability to every 

variable. This probability defines the chance of inclusion of a variable in the posterior model.  

Bayesian variable selection method is based on assuming a normal prior distribution on the 

regression parameters. The variance of the distribution usually is a constant, but we can extend the 

model by estimating the variance as in case of SSVS. If we estimate the variance of normal prior, it 

helps tuning the parameters, because in the regression model the coefficient depends on the variance. 

In a heterogeneous problem, the variance can be set differently for all regression variables, which 

allows heterogeneity, furthermore local characteristics are included in the model. 

Other important property of these models is how many parameters have to be set, because it can 

exponentially increase the computational demands. 

III. Stochastic Search Variable Selection 

In this paper, I give a brief description of stochastic search variable selection. SSVS was developed 

by George and McCulloch [2] for feature subset selection over regression models, considering a 

canonical regression setup [2][3]: 

 βXY  0  (1) 

The algorithm helps to put the full regression problem in a Bayesian statistical framework. Let us 

introduce an indicator variable γ : if 1=γ j  then xj is included in the regression model, if 0=γ j  then 
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xj is not included in the regression model. The SSVS algorithm defines the prior of regression 

coefficients jβ  as follows: [2] 
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In Eq. (3) pj defines the probability of inclusion for xj in the model. In Eq. (2) it can be seen easily 

that the coefficients are computed from different normal distributions. 

The illustration of the sampling process is as follows: if a variable xj is not included in the model 

then the coefficient of this variable comes from a normal distribution with 0 mean and 2

jτ  variance, 

if xj is included in the model, the coefficient of the variable is defined by the second distribution on 

the right side in Eq. (2). 

We have to choose 2

jτ  positive, but small enough to estimate the coefficient 0 in Eq. (2) The user 

has to set 2

jc  parameter large enough, so that the coefficient can be estimated as a nonzero value. 

With this prior configuration if 1=γ j  jβ  comes from a normal distribution with high variance, so xj 

will be in the posterior model with higher probability, but jβ  is small enough xj also can be excluded 

from the model. If 0=γ j  then jβ  is small enough so xj will be in the posterior model with low 

probability, but there is also a chance of inclusion for xj. 

These two parameters have to be set for each variable by the user, but several automated and 

semi-automated methods are known to define these parameters precisely, or George and McCulloch 

[2] showed a manual parameter setting which gives a really good approximation. These methods will 

not be considered in this paper. 

The most significant gain of stochastic search variable selection is that the algorithm doesn’t 

compute exhaustively the posterior probability for all 2
p
 subsets. It uses Gibbs sampling - which 

contains a search in variable space – so in the sample, the variables with higher probability will 

appear with higher frequency. This makes the SSVS very efficient in case of huge datasets [2]. The 

user specified parameters help to tune the algorithm and make it more problem-specific. 

IV. Conclusion and summary 

The variable selection problem is not solved, however, the Bayesian approach presented some good 

results. Bayesian methods are more and more popular because they coherently quantify the 

remaining uncertainty dictated by the data. In this paper, I briefly described an algorithm which can 

be applied in various cases, also with huge amount of data. I am implementing this algorithm in 

BUGS [4] (Bayesian inference Using Gibbs Sampling), and R [5], because BUGS is a good 

environment for Bayesian statistics. This implementation will handle the quantitative trait analysis in 

the GenaGrid [6] project complementing the current methods targeting discrete outcome variables. 
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