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C28 Converging Evidence: A Bayesian Example

Chesterene L. Cwiklik, BS*, Pacific Coast Forensic Science Institute and Cwiklik & Associates, 2400 6th Avenue
South #257, Seattle, WA 98134, and Andrew J. Friedman, BA, BS, OGW Research Laboratories, Inc., 4253
Woodland Park Avenue, North, Seattle, WA 98103

After attending this presentation, the attendee will learn how mutually exclusive hypotheses and Bayesian
inference are practical tools that can help sort and evaluate analytical information in complex cases. This presenta-
tion will incorporate examples from environmental casework, and will illustrate the use of a Bayesian network
computer program in the evaluation of hypotheses as additional data comes in.

The presentation will impact the forensic science community by. The use of mutually exclusive hypotheses
and Bayesian inference can assist forensic practitioners in meeting the interests of the courts in presenting
defensible and falsifiable analyses in environmental and other cases. It should aid practitioners in performing
focused work that can address the issues of interest in a scientifically reliable way.

Bayesian inference Preliminary results for a contaminated site performed to determine regulatory
compliance do not always answer questions about who is responsible and what they should do about it. As a

case moves from regulatory compliance to forensic investigation to litigation to remediation, and the first rounds of
testing do not yield a simple and obvious answer, it is useful to have a few tools to sort through the informa- tion
and to evaluate what the results mean. This is especially important when things are complicated, and multiple
hypotheses can be offered in explana- tion. A clean experiment means that the scientist or engineer knows what
questions have and have not been answered. It is critical to focus the ana- lytical questions so that any additional
work would have an impact on the case questions, and to eliminate untenable hypotheses so the remaining ones
can be evaluated. The focus of this paper is on hypothesis formation after some of the results are in, and the
use of formal mutually exclusive hypotheses and Bayesian inference as a means for narrowing down
hypotheses, focusing any testing that should still be done, and weighing the final hypotheses.

For mutually exclusive hypotheses A and B, if A is true, B is not true, and if B is true, A is not true. A formal
hypothesis suitable for comparing with its antithesis should be clean and simple, and any conditionals (the “true if’s”)
placed into separate hypotheses so when the hypotheses are being com- pared, the comparison is easy to interpret.
For example, if lead is found in soil samples from a site, and white paint chips and metal bearings are also found
in the soil, the latter are both possible sources of lead. There may be unknown contributors as well. One could
construct the following hypothe- ses: 1a) the lead in the soil is from white paint chips and metal bearings only; or 1b)
the lead in the soil is from white paint chips, metal bearings, and an unknown source. “A” would be true if no lead is
found in the extracts. It may also be true if lead from either or both sources has leached into the soil. “B” would be
true if lead is found in the extracts but in a form not explained by leaching of the paint or metal bearings. Lead in
the extracts may also be from both leaching and another source. This does not provide a clean answer, so additional
hypotheses may be needed: 2a) The lead in the soil sample ex- tracts is that leached from white paint chips and
metal bearings only; 2b) The lead in the soil sample extracts is from another source only; or 2c) the lead in the soil
sample extracts is from both paint-and bearing-leached lead and from another source. These hypotheses can
probably be resolved through additional analyses, and the construction of the problem is now clean enough to allow
focused testing. It may be that existing data can resolve them; the comparison of hypotheses allows us to
quickly determine what data we would need to see.

It may not be possible to test this further. When additional testing is not possible, the existing information must
be evaluated and weighed. In com- paring hypotheses 2b and 2c, for example, the scientist or engineer should
weigh the two possibilities to determine whether hypothesis 2C is not only possible, but whether it is reasonably
likely. It is also important to remem- ber that something may be true even if is unlikely. That is why formal sta-
tistical evaluation or other evaluations of likelihood should not be attempted until testing to distinguish hypotheses has
been performed. Other tools to use in evaluating data after additional testing is not possible include asking: “if itis
not what | think it is, what else might it be?” This can produce additional hypotheses to evaluate and can help re-
focus on the actual data. Another tool is to find the best fit with the evidence via evaluation of the convergence of
data. A specific test result and analytical conclusion may have several possible explanations, but when all the test
results and conclusions are con- sidered, each of them may include one or two of the many possible data point
explanations. This is where the data converges. The explanation where all the data converges is usually the best
explanation, and an explanation where some of the data converges and none contradicts it is another possible
explanation. The latter should be included in a reporting of results, as it may be true.

After the mutually exclusive hypotheses have been constructed, and any additional testing performed, the
remaining hypotheses should be eval- uated and weighed. A useful statistical tool for doing so is Bayesian infer-
ence. Bayes’s Rule expresses the probability that a certain event has occurred given a specific condition or
conditions of measurement. It does this by relating the probability of the event given the evidence, to the probability
of the evidence given the event. This is a way to measure the impact of the evidence on the overall probability.
For example, it can be used to derive the probability that lead contamination is attributable to the peeling white paint
of oil storage company tanks at the site being investigated, and metal bear- ings from the railroad previously on the
site, given the condition that lead was found in the soil in the corresponding white paint chips, the metal bearings and
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the extracts. As a model, it is broadly applicable to evaluating scientific endeavors, and is of particular interest in
comparing a hypothesis with an alternative hypothesis in light of a particular analytical result(s). In the afore-
mentioned example, an alternative hypothesis might be that despite the presence of lead in the paint chips and
metal bearings, the lead in the soil extracts is actually from another source.

A particularly useful form of Bayes’s Rule for forensic scientists and engineers is to write the rule as a
statement of odds rather than as a state- ment of probability, so that any probability is compared with its antithesis.
This is what an odds statement entails. Thus, the odds of the event occurring given specific evidence are related to the
overall odds of the event via a ratio. This ratio is called the Likelihood Ratio, i.e., a ratio of the probability of the evidence
given the event, versus the probability of its being there even if something else happened instead. Thus, when
two mutually exclusive hypotheses are being compared, the probability of one is being divided by the probability of
other.

In mathematical language: Where J is the event (i.e., the scenario) and | is the condition (i.e., the evidence or
result), Bayes’s Rule — written in terms of odds rather than probability — is: O(J|l) = O(J) [P(I]J)] / [P(I|not-J)], where
O(J|l) is the odds of event J occurring given the condition |; O(J) is the odds of event J occurring; P(I|J) is the probability
of condition | being present if event J occurs; and P(l|not-J) is the probability of condition | being present if event J does
not occur.

Even if a statistical evaluation cannot be performed for a lack of hard numbers, which may be difficult to come
by when an unknown source is being considered, the reasoning involved in statistical evaluation can be applied,
especially when Bayesian inference is used. It is more interesting to estimate some probabilities based upon data
from other investigations to see how a comparison of the estimated probabilities would affect the overall questions
being addressed. This gives the scientific evaluator a tool for objectively evaluating his or her thought processes.
Bayesian inference directs the evaluation along statistical lines, a process which can greatly assist in explicating the
scientist or engineer’s assumptions and beliefs via a formal structure of evaluation. Scientists working within the
legal system are frequently asked to evaluate competing hypotheses in terms of “more or less probable” or “more or
less likely”. Since this is the language of law rather than science, the scientist or engineer may not perceive this as
a scientific question, and may fall back on hunches, or on opinions that are not expressed in terms of the science that
produced them. Using this less rigorous frame- work for expressing a scientific opinion can result in explanations of
opin- ions that are misleading. Even very good opinions can be lost if they are not amenable to scientific scrutiny. The
Bayesian schema is well suited for such tasks, which are essentially decision-theory settings, to make explicit the
assumptions, reasoning and estimations that go into the scientific opinion so that it can be understood with all of its
underpinnings and uncertainties for proper evaluation. It is also useful to help us as scientists in assuring ourselves that
we have not fallen prey to unscientific heuristic devices that are often sources of error. Putting a few numbers, even
estimates, into the Bayesian equation can quickly expose such fallacies in our own thinking.

In this paper, we will present a Bayesian analysis of evidence in an environmental investigation using
estimated probabilities of the data plugged into a Bayesian network computer program that is accessible even to
those who are not expert in statistics.

In summary, mutually exclusive hypotheses are powerful tools for focusing analytical questions and
narrowing down hypotheses in complex investigations once some of the analytical results have already come in.
Bayesian statistical analysis is useful in evaluating and weighing the hypotheses that remain after testing
has been completed. These tools, including the computer tools used in Bayesian networks, are accessible to the
forensic scientist and the forensic engineer, even those who do not have formal training in statistics, and are useful
in a broad range of investigations.
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