
































out a

UWvUU'U':"~O all

as

on

order of to 20,000, They are to sorts sociological questions

and to estimate a wide range of parameters, and small. The size of the effects of main

interest is hardly related to the sample size is essentially constant out of

researcher's control), and the size of nuisance parameters is even less likely to be related

to sample size,

Another such discipline is astronomy, which is moving towards the same model as soci­

ology, with many researchers working at their computer screens in a "virtual observatory"

such as Skyview (http://skyview,gsfc,nasa . gov), rather than generating their own data.

Epidemiology long a bastion of research-group-specific datasets is also moving in this

direction, albeit in a different way, via meta-analysis, with the pooling of all data from all

available studies. A further example is political science a great deal of North American

political science research is based on a single database, the National Election Studies (NES

~ http://www.umich . edu/ nes). A bibliography lists roughly 4,000 publications based on

the NES data.

When sample size is decided on by researchers in terms of the question being studied, it

is often determined, not by the size of the effect being studied, but by its importance. Large

effects may actually be the object of larger studies. For example, the association between

smoking and lung cancer is certainly a large one, and once its existence was suspected, several

very large studies were carried out to assess it.

Do statisticians act as if they believe the local misspecification assumption? One way of

assessing this, implicitly, is by looking at design of simulation studies in statistical

literature that assess the performance of and tests. If did, one would expect
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5 Model Averaging for Logistic Regression
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to the average for "'Y,,h,", in the study, same quantity a black mother, and the ratio

of the two. The latter seems like a strange choice. If the ratio is different from one, this

could be due to interracial differences in the probability of low birth weight, in the average

covariates, or both; the measure conflates the two sources of variation. In epidemiological

studies, interest generally focuses on the extent to which an independent variable of interest

(here race) is a risk factor, after adjusting for other covariates -- in the present context this

is just the logistic regression parameter for black (:r4)' Epidemiologists are also interested

in subpopulation average prevalences. However, the ratio focus parameter used by HC

corresponds to neither of these, and it does not seem to provide an answer to any scientific

question of wide interest.

5.1 Bayesian Model Averaging for Case-Control Studies

HC's analysis does not tell us how accurate any of the estimators or standard errors are

in this example. It therefore seems to be of interest to summarize the only study that we

know of the performance of model averaging for logistic regression (Viallefont, Raftery, and

Richardson 2001). This was carried out in the context of what is probably the largest area of

application of logistic regression: epidemiological case-control studies. Typically there is one

"focus parameter" of interest the adjusted effect of a potential risk factor of interest, as

measured by the logistic regression parameter, Usually there are many potential confounders,

on the order of dozens. and task is to make inference about the effect of risk factor

of interest.
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5.2 Bayesian Model Averaging for the Low Birthweight Example

1 compare

We now give BMA results for the low birthweight example. As we have noted, HC's main

focus parameter seems of dubious scientific value, but we give results for it anyhow. Also,

HC have greatly simplified the model uncertainty aspect of the problem. In the initial

dataset of Hosmer and Lemeshow (1989), there were nine independent variables about which

there was uncertainty (counting the two race dummy variables). However, HC removed five

of the variables from the dataset, namely smoking, history of premature labor, history of

hypertension, uterine irritability, and number of physician visits. They also assumed that

there is no uncertainty about the inclusion of the maternal weight variable, thus reducing

the number of uncertain variables from nine to three, and the number of potential models

from 528 to 8. First we give BMA results on the same basis as the HC analysis, and in

Section 5.3 we give BMA results for the complete problem.

\rVe compute posterior model probabilities in four ways. First, we use the reference proper

prior approach of Raftery (1996) with dispersion parameter ¢ = 1. While proper, this

prior is designed to spread out as to

standard deviation "black" effect, regression parameter for ,is 6.3. \rVeakliem

1999) has argued odds ratios greater than about 15 are unusual in social SClentlllc

contexts we translate an



3 1.57 1 .21 8 4 9 9
4 3.62 1 .06 24 38 24 24
;) 0.59 1 .44 ;) 7 5 5

34 4.52 2 .10 3 4 3 14
35 2.01 2 .37 1 1 1 4
45 5.43 2 .07 5 20 4 22

NOTE: Dev diff is the deviance difference between the model considered and HC's "narrow"
model with just maternal weight as covariate.
df refers to the number of degrees of freedom. in the comparison, and P value to the P value
for the asymptotic distribution of the deviance in testing the model considered against
the narrow model.

AIC weights also gives more weight to the wider models; this can be viewed as a consequence

of the fact that this is a form of BMA with quite informative prior distributions. The BIC and

reference BMA analyses are in close agreement, which is to be expected as both correspond

to the use of a unit information prior for parameters (Kass and vVassennan 1995; Raftery

1995,

Table 2 shows BMA est;mJlat,ors and postE~n()r standard HC's focus

parameters, and may be compared \vith the in He's Section 6.2. The results are

similar across model averaging methods. The difference model selection and model

av(~ragm:g IS esp,eClall'r

narrow iU'.IUCi,

IS

mc
error

5.3 Complete Low Birthweight Data



Prior Prior

estimate .285 .268 .285 .261
stdev .040 .045 .040 .046
For p(black):
estimate .306 .357 .306 .369
stdev .098 .113 .098 .112
For the ratio:
estimate 1.096 1.359 1.094 1.442
stdev .420 .532 .418 .549

and low birthweight after adjusting for other factors, or in explaining the total association

between race and low birthweight in terms of other factors. Also, we were unclear about the

justification for He's decision to include maternal weight with prior probability 1.0. Hosmer

and Lemeshow (1989) themselves made inference about this from the data at hand rather

than a pTioT'i: the purpose of their study was to find out which of the collected variables,

all known to be associated with low birthweight in some populations, were important in the

population being served by the medical center where the data were collected; see Hosmer

and Lemeshow (1989, pp. 91--94). As already mentioned, we were also unclear about the

choice of focus parameters, which seem to differ from standard epidemiological practice.

As a result, we reanalyzed the dataset, including all the variables and account of

uncertainty with a focus on logistic regression parameters themselves, which

us to
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thvVel;ght Dataset

Maternal weight 71 .007
Black ')~ .509~O

Other race 17 .466 47 .717
Smoking 36 .391 68 .381
Premature labor 42 .719 .335 46 .627 .328
Hypertension 68 1.761 .713 88 1.352 .623
Uterine irritability 29 .886 .443 49 .780 .423

NOTE: These results are based on Bayesian model averaging across the 86 models whose
BIC-approximated posterior probabilities were at least 1/20 of that of the model with the
highest one.
Pr[/) :f::- 0] is the posterior effect probability, i.e. the probability, given the data, that the
parameter is different from zero, expressed as a percentage.
The posterior mean and standard deviation are calculated conditionally on the variable being
in the model, i.e. on the associated regression parameter being different from zero.

bic.hosmer <- bic.glm (x,y,binomial)
glib.hosmer <- glib (x,y,error="binomiall,link=llogit",mQdels=(bic.hosmer$which)*l,phi=1)

where bic. glm and glib are Splus functions that can be downloaded from

www. research. att . comrvolinskyIbma. html, x is 189 x 9 design matrix of independent

variables, and y is the vector of responses. The BMA analysis informative priors requires

priorvar matrix in glib. The results are Table 3.
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