Combining judgments with messy data to
build Bayesian Network models for improved
Intelligence analysis and decision support

SPUDM 2017, Haifa, Israel
22 August 2017

Norman Fenton
Queen Mary University of London
and
Agena Ltd

(co-researchers: Anthony Constantinou and Martin Neil)

Slide 1



Overview

* The power — and limitations —
of Bayesian networks

* Building the models: the
fundamental limitations of big
data and machine learning
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Each node represents
an uncertain variable
that may or may not be

observed

A typical Bayesian Network (BN)
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A typical Bayesian Network (BN)
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A typical Bayesian Network (BN)
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A typical Bayesian Network (BN)
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A typical Bayesian Network (BN)
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But this is an observation and not an intervention. Standard
BN does not support correct inference for interventions
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A BN Model learnt purely from data
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Expert causal BN with hidden explanatory
and intervention variables
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Method for
developing
BNs and
Influence
diagrams from
Incomplete
and messy
data

Constantinou A., Fenton N., Marsh W,
and Radlinski L. ,

“From complex questionnaire and
interviewing data to intelligent Bayesian
network models for medical decision
support.,”

Artif. Intell. Med., vol. 67, pp. 75-93,
Jan. 2016.
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Big Data ... or Smart Data?
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Conclusions

BNs provide excellent basis for prediction
In intelligence analysis

Extension to influence diagrams needed
for interventions and decision making

The challenge of building effective BN
models and influence diagrams will NOT
be solved by big data and machine
learning

We need effective methods to incorporate
expert judgment with available data

Smart data — not big data
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BARD: Bayesian ARgumentation via
Delphi

(¢ BARD - Bayesian Argumentation via Delphi - uses causal Bayesian networks as
underlying structured representations for argument analysis and automated Delphi
methods to bring groups of analysts to a consensus analysis. This five-year project
involves researching and designing new means of interacting with Bayesian networks,
including new means of assessing their potential in causal explanations.

BARD Project

European Research Council

Established by the European Commission
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bayes-knowledge.com
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