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Abstract

This manual is a brief introduction to applied Bayesian Model Averaging with the R package
BMS. The manual is structured as a hands-on tutorial for readers with few experience with
BMA. Readers from a more technical background are advised to consult the table of contents
for formal representations of the concepts used in BMS.

For other tutorials and more information, please refer to http://bms.zeugner.eu.
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1 A Brief Introduction to Bayesian Model Averaging

This section reiterates some basic concepts, and introduces some notation for readers with
limited knowledge of BMA. Readers with more experience in BMA should skip this chapter
and directly go to section 2. For a more thorough introduction to BMA, consult Hoeting et al.
(1999).

1.1 Bayesian Model Averaging

Bayesian Model Averaging (BMA) addresses model uncertainty in a canonical regression prob-
lem. Suppose a linear model structure, with y being the dependent variable, . a constant,
- the coe cients, and " a normal 11D error term with variance 2:

y = ’Y+X’Y ’Y+" " N(O; Zl) (1)

A problem arises when there are many potential explanatory variables in a matrix X:
Which variables X, 2 Xg should be then included in the model? And how important are
they? The direct approach to do inference on a single linear model that includes all variables
is ine cient or even infeasible with a limited number of observations.

BMA tackles the problem by estimating models for all possible combinations of fXg and
constructing a weighted average over all of them. If X contains K potential variables, this
means estimating 2% variable combinations and thus 2% models. The model weights for this
averaging stem from posterior model probabilities that arise from Bayes’ theorem:

PYIM,: X)p(M-) _  p(YiM4; X)p(M,)
P(yix) 28 PYiM; X)p(M.)

p(M,jy; X) = @)

Here, p(yjX) denotes the integrated likelihood which is constant over all models and is thus
simply a multiplicative term. Therefore, the posterior model probability (PMP) p(M,jy; X)
is proportional to® the marginal likelihood of the model p(yjM.,; X) (the probability of the
data given the model M,) times a prior model probability p(M,) { that is, how probable
the researcher thinks model M., before looking at the data. Renormalization then leads to
the PMPs and thus the model weighted posterior distribution for any statistic (e.g. the
coe cients ):

2K
PCiy:X) =D p( M43y X)p(M4jX;y)
y=1
The model prior p(M,) has to be elicited by the researcher and should re ect prior beliefs. A
popular choice is to set a uniform prior probability for each model p(M,) / 1 to represent the
lack of prior knowledge. Further model prior options will be explored in section 3.

1.2 Bayesian Linear Models and Zellner’s g prior

The speci c expressions for marginal likelihoods p(M,jy; X) and posterior distributions p( jM,;y; X)
depend on the chosen estimation framework. The literature standard is to use a 'Bayesian re-
gression’ linear model with a speci c prior structure called 'Zellner’s g prior’ as will be outlined

in this section.?

For each individual model M, suppose a normal error structure as in (1). The need to obtain
posterior distributions requires to specify the priors on the model parameters. Here, we place
improper’ priors on the constant and error variance, which means they are evenly distributed

over their domain: p( ) Z 1, i.e. complete prior uncertainty where the prior is located.
Similarly, setp( )/ .

The crucial prior is the one on regression coe cients ,: Before looking into the data
(y; X), the researcher formulates her prior beliefs on coe cients into a normal distribution
with a speci ed mean and variance. It is common to assume a conservative prior mean of zero
for the coe cients to re ect that not much is known about them. Their variance structure is

1Proportionality is expressed with the sign /: i.e. p(Myjy; X) Z p(yjM~;X)p(M,)
2Note that the presented framework is very similar to the natural normal-gamma-conjugate model - which employs
proper priors for and . Nonetheless, the resulting posterior statistics are virtually identical.



de ned according to Zellner's g:  ?(2X}X,) *:

1
Lig N<0; 2<;x3xw> )

This means that the researcher thinks coe cients are zero, and that their variance-covariance
structure is broadly in line with that of the data X,. The hyperparameter g embodies how
certain the researcher is that coe cients are indeed zero: A small g means few prior coe -
cient variance and therefore implies the researcher is quite certain (or conservative) that the
coe cients are indeed zero. In contrast, a large g means that the researcher is very uncertain
that coe cients are zero.

The posterior distribution of coe cients re ects prior uncertainty: Given g, it follows a
t-distribution with expected value E( ,jy; X;g9; M,) = ﬁ’\v, where AW is the standard OLS
estimator for model . The expected value of coe cients is thus a convex combination of OLS
estimator and prior mean (zero). The more conservative (smaller) g, the more important is
the prior, and the more the expected value of coe cients is shrunk toward the prior mean zero.
As g ¥ 1, the coe cient estimator approaches the OLS estimator. Similarly, the posterior
variance of ., is a ected by the choice of g:3

0
Cov( 4jy; X;9;M,) = 4 &) (y3 y)lig (1 139R5> 6%y
l.e. the posterior covariance is similar to that of the OLS estimator, times a factor that includes
g and Ri, the OLS R-squared for model . The appendix shows how to apply the function
zIm in order to estimate such models out of the BMA context.
For BMA, this prior framwork results into a very simple marginal likelihood p(yjM~; X; g),
that is related to the R-squared and includes a size penalty factor adjusting for model size k,:

N 1

. 0 N _1 ky g 7
PYIMyXi) Z(y V) v) Z (1+g) 2 (1 1+g>
The crucial choice here concerns the form of the hyperparameter g. A popular ’default’ ap-
proach is the ’unit information prior’ (UIP), which sets g = N commonly for all models and
thus attributes about the same information to the prior as is contained in one observation.
(Please refer to section 5 for a discussion of other g-priors.)*

2 A BMA Example: Attitude Data

This section shows how to perform basic BMA with a small data set and how to obtain posterior
coe cient and model statistics.

2.1 Model Sampling

Equipped with this basic framework, let us explore one of the data sets built into R: The
"attitude’ dataset describes the overall satisfaction rating of a large organization’s employees,
as well as several speci c factors such as complaints, the way of handling complaints within
the organization (for more information type help(attitude)). The data includes 6 variables,
which means 2° = 64 model combinations. Let us stick with the UIP g-prior (in this case
g = N = 30). Moreover, assume uniform model priors (which means that our expected prior
model parameter size is K=2 = 3).
First load the data set by typing

> data(attitude)
In order to perform BMA you have to load the BMS library rst, via the command:
> library(BMS)

Now perform Bayesian model sampling via the function bms, and write results into the variable
att.

3here, N denotes sample size, and y the sample mean of the response variable
4Note that BMS is, in principle not restricted to Zellner’s g-priors, as quite di erent coe cient priors might be
de ned by R-savy users.













































