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Overview

» Statisticians are increasingly faced with data that are:
s highly multivariate, with many important predictors
and response variables
s temporally correlated (longitudinal, survival studies)

s costly and difficult to obtain, but often with historical
data on previous but similar drugs or devices

# Recently, the FDA Center for Devices has encouraged
statistical approaches —

s Methods are not terribly novel: Bayes (1763)!

s But their practical application has only become
feasible in the last decade or so due to advances in
computing via Markov chain Monte Carlo (MCMC)
methods and related WinBUGS software




Role of Bayes 1n biometric settings

» Safety/efficacy studies: Historical data and/or
information from published literature can be used to
reduce sample size, reducing time and expense.
Unlimited looks at accumulating data are also permitted
(due to different framework for testing).

# Equivalence studies: Bayes allows one to make direct
statements about the probability that one drug is
equivalent to another, rather than merely “failing to
reject” the hypothesis of no difference.

#» Meta-analysis: Bayes facilitates combining disparate
but similar studies of a common drug or device.

# Hierarchical models: Realistic models can be fit to
complicated, multilevel data (e.g., multiple observations
per patient, or multiple patients per clinical site),
accounting for all sources of uncertainty.

Bayesian design of experiments

# |In traditional sample size formulae, one often plugs in a
“best guess" or “smallest clinically significant difference”
for 6 = “Everyone is a Bayesian at the design stage."

# |n practice, frequentist and Bayesian outlooks arise:

s Applicants may have a more Bayesian outlook:
s to take advantage of historical data or expert
opinion (and possibly stop the trial sooner), or
s to “peek” at the accumulating data without
affecting their ability to analyze it later

s Regulatory agencies may appreciate this, but also
retain many elements of frequentist thinking:
s to ensure that in the long run they will only rarely
approve a useless or harmful product

Applicants must thus design their trials accordingly!




Some preliminary Q& A

» What is the philosophical difference between classical

(‘frequentist”) and Bayesian statistics?

s To a frequentist, unknown model parameters are
fixed and unknown, and only estimable by
replications of data from some experiment.

s A Bayesian thinks of parameters as random, and
thus having distributions (just like the data). We can
thus think about unknowns for which no reliable
frequentist experiment exists, e.g.

¢ = proportion of US men with
untreated atrial fibrillation

Some preliminary Q&A

® How does it work?

s A Bayesian writes down a prior guess for ¢, p(6),
then combines this with the information that the data
X provide to obtain the posterior distribution of ¢,
p(6|X). All statistical inferences (point and interval
estimates, hypothesis tests) then follow as
appropriate summaries of the posterior.

s Note that
posterior information > prior information > 0,

with the second “>" replaced by “=" only if the prior is
noninformative (which is often uniform, or “flat”).




Some preliminary Q& A

® [s the classical approach “wrong”?

s While a “hardcore” Bayesian might say so, it is
probably more accurate to think of classical methods
as merely “limited in scope”

s The Bayesian approach expands the class of models

we can fit to our data, enabling us to handle:

s any outcome (binary, count, continuous, censored)

s repeated measures / hierarchical structure

s complex correlations (longitudinal, spatial, or
cluster sample) / multivariate data

s unbalanced or missing data

— and many other settings that are awkward or
infeasible from a classical point of view.

s The approach also eases the interpretation of and
learning from those models once fit.

Simple example of Bayesian thinking

# From Business Week, online edition, July 31, 2001:

“Economists might note, to take a simple
example, that American turkey consumption
tends to increase in November. A Bayesian would
clarify this by observing that Thanksgiving occurs
in this month.”

# Data: plot of turkey consumption by month

» Prior:
s location of Thanksgiving in the calendar
s knowledge of Americans’ Thanksgiving eating habits

# Posterior: Understanding of the pattern in the data!




Bayes means revision of estimates

Humans tend to be Bayesian in the sense that most revise
their opinions about uncertain quantities as more data
accumulate. For example:

2

°

Suppose you are about to make your first submission to
a particular academic journal

You assess your chances of your paper being accepted
(you have an opinion, but the “true” probability is
unknown)

You submit your article and it is accepted!

Question: What is your revised opinion regarding the
acceptance probability for papers like yours?

If you said anything other than “1”, you are a Bayesian!

Bayes can account for structure

County-level breast cancer rates per 10,000 women:

o o 0 ©

79 | 87 | 83 | 80 | 78
90 | 89 | 92 | 99 | 95
96 | 100, | 110|115
101 | 109 | 105 | 108 | 112
96 | 104 | 92 | 101 | 96

With no direct data for x, what estimate would you use?
Is 200 reasonable?
Probably not: all the other rates are around 100

Perhaps use the average of the “neighboring” values
(again, near 100)




Accounting for structure (cont’d)

» Now assume that data become available for county :
100 women at risk, 2 cancer cases. Thus

gl
rate = —— x 10,000 = 200
rate J_OOX

Would you use this value as the estimate?

# Probably not: The sample size is very small, so this
estimate will be unreliable. How about a compromise
between 200 and the rates in the neighboring counties?

» Now repeat this thought experiment if the county x data
were 20/1000, 200/10000, ...

# Bayes and empirical Bayes methods can incorporate
the structure in the data, weight the data and prior
information appropriately, and allow the data to
dominate as the sample size becomes large.

Has Bayes Paid Real Dividends”

Yes! Here is an example of a dramatic savings in sample
size from my work:

» Consider Safety Study B, in which we must show
freedom from severe drug-related adverse events (AEs)
at 3 months will have a 95% lower confidence bound at
least 85%.

# Problem: Using traditional statistical methods, we
obtain an estimated sample size of over 100 — too large!

# But: We have access to the following (1-month) data
from Safety Study A:
No AE AE | total

count | 110 7 117
(%) | (94) (6)
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