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Bayes nets (BN) are graphical representations of 
relationships among variables, provide generalized, 
quantitative modeling capability with established methods 
for integrating data, and compactly represent causal 
interactions in a complex environment where uncertainty 
predominates (Whitney, et al., 2009).

Syntax:
a set of nodes, one per variable
a directed, acyclic graph (link ≈ "directly influences")
a conditional distribution for each node given its parents:

P (Xi | Parents (Xi))

In the most basic case, conditional distribution is 
represented as a conditional probability table (CPT) to 
give the distribution over Xi for each combination of parent 
values (AIIMA UCBerkeley, 2004)
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What is a Bayes Net?



Model Example: Group Schism
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Bayesian network representation of mechanisms related to 
political group schism. The colored bars are representing the 
marginal probability distributions for each node given the 
current model parameters (source: Sani, 2005).



Common Issues in Calibrating BN Parameters
The “curse of dimensionality.” 

Small to moderately sized data sets may contain little to no 
observations in some regions even if the true probabilities are not 
extremely small. 
Estimating the conditional probabilities as “0” based on a 
moderately sized data set can invoke a strong and possibly 
tenuous assumption.

Complete lack of data on some model variables. 
In practice it is common to encounter relevant extant data that 
cover some but not all of the model variables. 
While possible to implement valid parameter estimation 
algorithms that help mitigate the issue, the unobserved 
variable’s parameters cannot be calibrated (Walsh, et al., 2010).

Expert elicitation is used but can be tedious (Woodbery, et al., 
2005).
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Proposed Solution — Conjoint Analysis

Conjoint analysis is commonly used in marketing research to 
elicit and model product attribute preferences from 
consumers.
Rich theory and long history of empirical success (Luce and 
Tukey, 1964)
Objective: 

Employ conjoint analysis as a method for eliciting expert 
opinions and incorporating them into the model parameters.

Offers ability to:
1. Handily aggregate the opinions of multiple experts into a single model calibration 
2. Be considered a stand-alone approach to calibration if domain experts are the 

only available source of relevant information 
3. Easily lend itself to calibrating subsets of the model if relevant data exist for the 

other subsets. 
4. More readily employ the natural decision-making process of the human mind as 

opposed to explicitly asking the supposed value of the true conditional 
probability. 5
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Conjoint Analysis Elicitation: User Interface



Conjoint Analysis
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Modeling Expert Opinions
Heuristic Objective:

Given expert opinions on conjoint scenarios, compute model 
parameters such that the model’s perspective is “as close as 
possible” to the expert opinions.

Formulate as optimization problem; compute

where
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Verification
Verify that calculations can amply incorporate opinions into model
Simulate-recapture experiment:

Schism model is initialized with a parameter set
Simulate “expert opinion” data from known parameters, perturb with noise
Perform optimization, initialize optimization routine at naïve parameter set 
(uniform probabilities)
Does the calculation recapture the parameters whence the data was 
generated?
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Considered conjoint 
scenarios from the 
yellow variables



Verification results
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Plot of Observed
(simulated) Expert 
Opinion Data vs. 
Predicted values after
model calibration

Strong collinearity 
indicates successful 
incorporation of opinions 
into the model



Application: Nuclear Proliferation Model
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Subset of larger model which describes the factors that contribute 
to nuclear proliferation
Elicited 3 subject matter experts (SME) on their opinions of the 
relative likelihood of 30 conjoint scenarios



Application: Nuclear Proliferation Model

Diagnostic plots indicate the incorporation of SME opinion into the 
model; the degree of calibration is optimized given the level of 
variability of the SME responses.
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Original model – probability tables filled in 
by Expert
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Calibrated model – probability tables 
filled in by PNNL algorithm



Research Outcomes

Successfully demonstrated the elicitation interface 
through which expert opinions were collected and 
measured. 

Presented initial work in developing a computational 
framework for translating the elicited opinions into the 
model parameters. 

Demonstrated that a model subset can be successfully 
calibrated from conjoint analysis data even while 
assuming no prior knowledge of the true distributions. 
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Directions for Future Research
Continue to develop and apply the computational 
framework 

Experiment with real experts and data

Investigate the usefulness of different conjoint analysis 
presentation designs to improve BN model predictions

Advance research in developing new methods in linking 
multiple expert elicitation techniques with computational 
modeling

Expand the application of  integrated modeling 
methodology to broader issue areas
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