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Bayesian Model Averaging in Tuberculosis Research –
couple of motivating examples
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Limitations of this presentation

I This is not a “how-to”

I For a tutorial, see

I Caution: some
minimal use of notation
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Goals of this presentation

I Describe Bayesian Model Averaging (BMA)

I Give a very, very brief intro to the “Bayesian” part of BMA

I Describe what one may do with BMA

I Provide brief real-life examples of BMA in research studies
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An absurdly crude history of “modern” Statistics [wikipedia]

I mid 1700’s: The term “statistics” for demographic,
economic data by states, mostly for tax, war purposes – Latin
statisticum collegium, “council of state”

I Late 1700’s: Bayes, Laplace – Establish “Bayes’ theorem”

I 1800’s – early 1900’s: Gauss, Pearson, Fisher, Neyman,
Wald – Large-sample theory, least squares, use of probability
theory, experimental design, hypothesis testing

I Most of 1900’s: Bayesian-style ideas and proponents largely
dismissed

I 1950 The term “Bayesian” used by those dissatisfied with
limitations of frequentist statistics

I 1990: Bayesian approach sees revival, less acrimony between
frequentist and Bayesian, advancements in computing and
algorithms

5 / 23

https://en.wikipedia.org/wiki/History_of_statistics


Which hoe is the best?

No need to choose only one and stick with it forever, acquire and
learn to use both

When you need a hoe, use whichever you believe is best for the
situation
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How are “Bayesian Statistics” different from “Statistics”

I Bayesian approach inherently promotes thought, description,
and reasoning rather than cookbook or black-box solutions

I Note, this implies more work for the analyst, but in a good way

I All stat’s you’ve learned may be called “frequentist” statistics

Frequentist

I Pr(Y |H0)

I Parameters are fixed, data
are random

I Uncertainty: frequency in
hypothetical repeated
samples

I Conclusions based on point
estimates, CI, p-values

Bayesian

I Pr(H0|Y )

I Data are fixed, parameters
are random

I Uncertainty: random
parameters

I Conclusions based on the
complete posterior
probability
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Frequentist vs. Bayesian – XKCD

Not all experiments are repeatable
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Frequentist vs. Bayesian 90% Intervals

Frequentist

I If we repeat the experiment
many times, 90% of the CI
will encompass the true
value and 10% will not

Bayesian

I Given this data, this is the
interval that has 90%
chance of containing the
true value
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Baye’s Rule

To make probability statements about θ given y , we start with a
model. The model is a joint probability of θ and y . Specify a prior
distribution on the paraemter(s):

p(θ)

Called prior to reflect our belief before considering data. The data
are generated from a sampling distribution:

p(y |θ)

From the probability axioms (laws), we can get

p(θ, y) = p(θ)p(y |θ) = p(y)p(θ|y)

p(θ|y) =
p(θ)p(y |θ)

p(y)
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Baye’s Rule – XKCD

p(θ|y) =
p(y |θ)p(θ)

p(y)

θ = “I’m Near The Ocean”
y =“I Picked Up a Seashell”

In this case, for me,

p(y |θ) ≈ p(y)
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General layout of a Bayesian model

Data is generated from (e.g. Normal, Binomial, Poisson):

p(y |θ)

But we don’t know the value of θ, and we reflect our uncertainty by

p(θ)

What we really want is to update our knowledge of θ using the
data

p(θ|y)

Which we can obtain from Bayes’ Rule

p(θ|y) =
p(θ)p(y |θ)

p(y)
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Uses of BMA

I Combine models of
differing forms for
prediction

I Choose between
model forms

I Choose which
variables are
important
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Model Uncertainty

(Hoeting, et al. (1999), abstract)

I When we choose a model form, e.g. logistic, we make the
tacit assumption that the observed data were generated from
that model

I When we choose which independent variables go in a model
we make a similar assumption

I This approach ignores the uncertainty in model selection,
leading to over-confident inferences and decisions

Bayesian Model Averaging provides a method for accounting for
this model uncertainty
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BMA Inferential Products

I A superior prediction model
I Predictions = weighted average of predictions from all models.
I RMSE is never worse than any of the component models.

I Model (variable) selection
I Which independent variables should be included in the model?
I Stepwise et al. do not address uncertainty in final choice.
I Choose model with largest posterior probability.

I Variable importance
I p(β 6= 0|y) is an output.
I Sum the probabilities of models containing β.
I Serves as a variable importance measure.
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Variable Selection & Importance

I This is my personal motivation for pursuing BMA
I A common data analytic scenario in our work:

I Clearly identified dependent variable
I Solid choice for model form (e.g. logistic, Cox PH, etc.)
I Large number of available independent variables
I Little idea which independent variables are actually important

I BMA gives us a measure – the posterior model probabilities –
that serves as an objective ranking system for different subsets
of independent variables

I BMA gives us a measure – p(β 6= 0|y) – that objectively
quantifies just how important is a potential independent
variable
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3HP Discontinuation – Background

(from the unpublished manuscript in clearance)

I Importance:
Recent clinical trials showed that a new treatment for latent
Mycobacterium tuberculosis infection (LTBI), 12 weekly doses
of directly observed isoniazid and rifapentine (3HP) was as
efficacious as 9 months of isoniazid (9H) with greater
completion rates.

I Research Question:
Will these favorable completion rates also be present in
non-research settings?

I Objective:
Evaluate 3HP treatment completion rates in non-research
setting.
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3HP Discontinuation Study– BMA Results (abridged)
Factor p(β 6= 0|Data) EV M1 M2 M3 M4 M5

Intercept 100 -2.24 -2.23 -2.24 -2.17 -2.17 -2.30
Age 100.0 0.01 0.01 0.01 0.01 0.01 0.01

Gender 0.0
raceEth 0.0

RxReasonContact 90.3 -0.47 -0.53 -0.54 -0.55 -0.54 -0.47
newhomeless 49.1 0.32 0.66 0.64

newcorrections 20.9 0.09 0.42
RxreasonStudent 20.8 -0.19 -0.95 -0.91

RxreasonHealthcareworker 0.0 0.00
StateCode 100.0

nVar 4 3 4 5 4
post prob 0.29 0.27 0.10 0.08 0.07

9 independent variables considered; 29 = 512 possible models.
11 models fit in “Occam’s Window”, top 5 shown above.
Bottom 2 rows: no. variables, p(Mk |y)
EV = expected value, i.e. coefficient averaged over all models.
M1 . . .M5 = coefficients in models 1 ... 5.
Coefficients of factors having multiple levels are omitted.
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3HP Discontinuation Study– BMA Results (abridged)
Factor p(β 6= 0|Data) EV M1 M2 M3 M4 M5

Intercept 100 -2.24 -2.23 -2.24 -2.17 -2.17 -2.30
Age 100.0 0.01 0.01 0.01 0.01 0.01 0.01

Gender 0.0
raceEth 0.0

RxReasonContact 90.3 -0.47 -0.53 -0.54 -0.55 -0.54 -0.47
newhomeless 49.1 0.32 0.66 0.64

newcorrections 20.9 0.09 0.42
RxreasonStudent 20.8 -0.19 -0.95 -0.91

RxreasonHealthcareworker 0.0 0.00
StateCode 100.0

nVar 4 3 4 5 4
post prob 0.29 0.27 0.10 0.08 0.07

Top 5 models accounted for 82% of the total posterior probability.
Top 2 models accounted for 56% of the total posterior probability.
This indicates moderate model uncertainty.
Age, RxReasonContact, StateCode are highly important.
newhomeless is of moderate importance.
newcorrections, RxreasonStudent are of low importance.
Gender, raceEth, RxreasonHealthcareworker are of very low
importance.
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Chuck Rose & Yi Pan (DHAP): Assessing new HIV cases

Also 9 independent variables, leading to 29 = 512 possible models.
All 512 models assessed; 4 variables and 2 models shown above.
Best model accounted for 83% of the total posterior probability.
2nd best model only accounted for 9%.
The remaining 510 models only accounted for 8% combined.
This indicates a very low level of model uncertainty.
2 variables, “Factor A” and “Factor G” (not shown) were
dominant in predicting new HIV cases.
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Yi Mu (NCEZID), 2015 CDC Stat Day. Backwards elimination vs. BMA

Study of patients developing Methicillin-Resistant Staphylococcus
aureus (MRSA) infection within 3 months of hospital discharge, a
prospective matched (1:2) case-control study.
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Yi Mu (NCEZID), 2015 CDC Stat Day. Backwards elimination vs. BMA

BMA gives a more clear, broad picture.
Overstated effects? MSA colonization 7.71 vs. 4.11.
CVC eliminated, but has 77% probability of inclusion.
Admission diagnosis has p<0.05, but has moderate inclusion prob. 22 / 23



Special Thank You to
Bunie Nwana, Amy Sandul, Christine Ho (DTBE)
Chuck Rose, Yi Pan (DHAP)
Yi Mu (NCEZIED/DHQP)

Questions?

Now let’s all sit in quiet contemplation of this quagmire.
(Anonymous)
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