Learning the Causal Structure of Hybrid Belief Networks

Dimitris Margaritis

Problem: Probabilistic or Bayesian or Belief networks (BNs) are compact and semantically clean representations of probabilistic independencies and possible dependencies among sets of variables. They are usually used to statistically characterize future data. However, their structure, when constructed from independence statements that are known to be true to a reasonable degree, can also provide insights to the application domain. BNs that are constructed in such a way are causal. The problem addressed here is that of constructing learning the causal structure of BNs from data in domains that may contain continuous as well as discrete variables. The problem of structure induction in discrete domains has received a lot of attention and is considered comparatively much easier.

Impact: Modeling for the purpose of understanding the application domain (as opposed to merely probabilistically describing the domain interrelations) will bene^t tremendously from the solution of structure induction in arbitrary domains. Important applications arise in medicine (drug, disease and patient data relationships), agriculture (crop yields, pesticide, fertilizer and environmental data interactions), marketing (customer habits, social and ^nancial status and purchase patterns), and the physical sciences (physical law discovery), among many others.

State of the Art: There is no mature approach that addresses the recovery of the domain structure as a BN in a causal manner in its full generality. There exist two special approaches to the problem of modeling a domain, for the purposes of prediction only. One well-explored solution assumes that all continuous variables follow a joint normal distribution (e.g. [?, ?]). The other approach utilizes that fact that a great deal of progress has been made in the last decade on solving the problem in domains that contain discrete categorical variables only. This approach discretizes any continuous variables as a preprocessing step using a variety of discretization techniques, sometimes sophisticated.

Approach: I am developing a statistical test of dependence between two continuous variables, conditioned on another set of (continuous) variables. My approach does not assume any particular distribution for the continuous variables. Like some previous ones it uses discretization, but unlike any of them it looks for possible dependency at many scales simultaneously during its attempt to determine dependence. In other words, I am developing an analytical formula for the computation of the probability of dependence at all scales (or at least the important ones) between two continuous variables X and Y conditioned on a set of continuous variables S.

Using the ŞrightŤ resolution (or multiple ones) can have a major effect on the dependence as determined by the discretized 2D histogram. For example, in ^gure 1 at the top row we see two variables, X and Y , that are independent and the histograms as they look at different resolutions starting from high at the left to low at the right. In the bottom row there is a similar array of 2D histograms of X and Y , but for when they are strongly dependent. Notice how the histograms look increasingly similar as we decrease the resolution, and completely coincide at the lowest shown resolution, despite the difference in the dependence between

X and Y ._{Having developed such a probabilistic dependence measure, its usefulness lies in its direct applicability}

in existing algorithms that discover the causal structure such as the PC, FCI [?], and GS [?] algorithms. These algorithms are completely independent of the conditional dependence test used, as long as it is a probabilistic one.

Figure 1: Effects of discretization on the appearance of dependence of two continuous variables: X � Y histograms at different resolutions of variables that are independent (top) and strongly dependent (bottom). The histograms look increasingly similar as we progress to lower resolutions.

Future Work: After developing such a conditional dependence test, I am interested in applying it to many kinds of modeling tasks that I have access to data for, from stock data to geographic information to physical law discovery in the sciences.

Selected References:

[1] D. Heckerman. A tutorial on learning bayesian networks. Technical Report MSR-TR-95-06, Microsoft Research, Advanced Technology Division, March 1995.

[2] R. Hofmann and V. Tresp. Discovering structure in continuous variables using bayesian networks. In Advances in Neural Information Processing Systems 8, pages 500Ű506. MIT Press, 1996.

[3] D. Margaritis and S. Thrun. Bayesian network induction via local neighborhoods. In S.A. Solla, T.K. Leen, and K.-R. Mĺuller, editors, Advances in Neural Information Processing Systems 12, pages 505Ű511. MIT Press, 2000.

[4] P. Spirtes, G. Glymour, and R. Scheines. Causation, Prediction, and Search. Springer-Verlag, New York, 1993.