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Review Paper 

ANALYZING BIOASSAY DATA USING BAYESIAN 
METHODS-A PR3EMER 

Guthrie Miller, William C. Inkret, Mario E. Schillaci, Harry F. Martz, and 
Tom T. Little* 

Abstract-The classicat statistics approach used in health 
physics for the interpretation of measurements is deficient in 
that it does not take into account %eedle in a haystack'' effects, 
that is, correct identification of events that are rare in a 
population. This is often the case in health physics measure- 
ments, and the false positive fraction (the fraction of results 
measuring positive that are actually zero) is often very large 
using the prescriptions of ciassical statistics. Bayesian statistics 
provides a methodology to minimize the number of incorrect 
decisions (wrong calls): false positives and false negatives. We 
present the basic method and a heuristic discussion. Examples 
are given using numerically generated and real bioassay data 
for tritium. Various anaXytica1 models are used to fit the prior 
probability distribution in order to test the sensitivity to choice 
of model. Parametric studies show that for typical situations 
involving rare events the normalized Bayesian decision level 
k, = LJq,, where a, is the measurement uncertainty for zero 
true amount, is in the range of 3 to 5 depending on the true 
positive rate. Four times a, rather than approximately two 
times uo, as in cIassical statistics, would seem a better choice 
for the decision level in these situations. 
Health Phys. 78(6):598-613; 2000 
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INTRODUCTION 

ONE GOAL of health physics measurements is to determine 
the absence or the quantitative presence of some radio- 
active contaminant in a sample, for example a urine 
sample submitted by a plutonium worker. Objective and 
analytical interpretation of the measurements is difficult 
when the magnitude of the measurement is comparable 
to the magnitude of the measurement uncertainty. In 
these cases, may one conclude with a reasonable degree 
of certainty that the measurement indicates the presence 
of the contaminant and not just a statistical fluctuation in 
background noise? This issue takes on an added impor- 
tance when the measurement uncertainty is comparable 
to levels corresponding to regulatory limits. 
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A classical approach to this problem has been well 
developed by Altschuler and Pasternack (1963) and 
Currie (1968). The application of this classical theory has 
been reduced to widely used recipes and rules of thumb 
(ANSI 1996). A weakness of the classical approach is its 
inability to calculate the probability of the presence or 
absence of the contaminant conditioned on (i.e., "given") 
the measurement result. Rather, the classical approach 
considers the probability of the measurement exceeding 
some limit conditioned on the presence or absence of the 
contaminant, a condition that is unknown. Also, the 
classical approach cannot calculate the expectation val- 
ues of decisional errors, or wrong calls, either false 
positives or false negatives. In this paper, which is 
largely a review and more detailed development of 
earlier work (Miller et al. 1993, 1995), we apply the 
Bayesian approach to the problem of interpreting bioas- 
say data. Although we use examples from internal 
dosimetry in this paper, the concepts are quite generic to 
a wide variety of health physics measurement situations. 

Bayesian methods have wide acceptance, and appli- 
cations in other scientific and medical fields are increas- 
ing. This is illustrated by the significant increase in 
Bayesian research papers and publications in the past ten 
years. A recent sampling of one popular physical sci- 
ences electronic database (including engineering) indi- 
cates Bayesian research applications in psychometrics, 
dairy science and agronomy, hydrology and hydraulics, 
environmetrics and ecology, planetary and space science, 
signal and image processing, econometrics, astronomy, 
condensed matter physics, molecular biology, expert 
systems, data mining and classification, epidemiology, 
quality and reliability, health physics, medicine and 
pathology, theoretical nuclear physics, neural networks, 
pharmacology, optics, and materials science, Chapter 14 
of the book Statistical Merhods for Pllysical Science by 
Stanford and Vardeman (1994) summarizes four diverse 
Bayesian applications in neutron scattering, nuclear mag- 
netic resonance, global climate change, and rocket pho- 
tometry. Numerous Bayesian papers also have appeared 
in the social sciences. In 1990, there were approximately 
three Bayesian papers per 10,000 scientific publications 
identified in this database, while in 1997 the rate of 
Bayesian papers was four times as large (1,078 Bayesian 
papers out of 930,264 scientific publications listed). 
Also, the rate of increase in the use of Bayesian methods 
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4 often seems a better choice than k, = 1.645, which 
produces a large false-positive fraction in situations such 
as routine bioassay monitoring for plutonium at Los 
Alamos where true positives are rare. It is interesting that 
experienced health physicists have in similar situations 
used the classicaI MDA (k, - 4) 'ather than the classical 
decision Ievel as the decision level, because it seemed to 
produce a more reasonable rate of "positives." 

Professional judgment also enters into estimating 
the relative costs of false positive and false negative 
errors. Another way of comparing classical and Bayesian 
decision levels is to ask "for what relative costs of false 
positive (type I) and false negative errors (type 11) is the 
Bayesian optimal decision Ievel equal to the classical 
decision level?' For priors describing situations such as 
routine bioassay monitoring for plutonium at Los 
Alamos where true positives are rare, the relative cost of 
a false negative needs to be vexy high (hundreds of times) 
in order for the Bayesian decision level to equal the 
classical decision level. We believe false positives and 
false negatives are comparable in cost in inany situations. 
We certainly encourage discussion of the relative costs of 
the two types of errors. 
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I 
APPENDIX 1 

APPENDIX-COUNTING MEASUREMENTS Therefore, 

We assume a measurement process involving count- & = ~ " B + ~ ) s ~ * ( N - B ) + ~ ( N - B ) ~ .  (A4) 
ing. The measured result Y is given by 

Eqn (A4) may be written in the form 
Y = f ( N -  B), (Al)  

U ~ Y )  = cri + bY + cY2, ( A 3  
where f is a numerical factor, N is the number of 
measured counts, and B is the average number of and we thus find that 
background counts. The variance of Y is given by 

cr; = f 2 ( ~  4- a;) 
(72, = V ~ ( N  - B ) ~  + f 2(ai -t- (7:). (A2) b = f  

Because counts are usually governed by Poisson 1 
statistics (if the physical half life is long compared to the 4 

C = P '  count time), 
Using tracer methodology (in which the sample is 

a;= N. (A3) spiked with a known amount of a tracer isotope whose 1 
j 



View publication stats

https://www.researchgate.net/publication/12485103

	PrimerHP1.pdf
	PrimerHPrest.pdf



