A Framework for Crowd-based Causal Analysis of Open Data
Introduction:

Many organizations provide open data currently. Important insights can be got through analyzing
open data. In the data analyzing tasks, causal relationship analysis is a complex one. We proposed a framework of
crowd-based causal analysis which combined the intelligence of the crowd with the state-of-the-art machine learning
methods. The proposed framework gives consideration to the effect of possible confounding in causal analysis by
collecting explanations of correlation between variables. To verify the collected explanations, a causal discovery
workflow was proposed in which conditional independence test and further causal discovery methods are used. We
did experiments using data of world bank and open government data. Several interesting causal relationships have
been got through analyzing the collected explanations and data using the proposed framework. The experimental
results showed that the proposed framework was efficient when doing causal analysis of open data.
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Details of the proposed framework:
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Fig. 3 Crowdsourcing task example
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