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INTRODUCTION EXAMPLES OF BINARY DATASETS

A fundamental issue in data analysis is to find the model that best captures the patterns hidden within the data, Neuronal Data [?,3,5] = [T st [oororoos
despite the random errors that effect them. This model should be complex enough to be able to fit the data, but B UL 52 0100011000
simple enough to capture only the relevant patterns of the data. S U s3footo110101

In the context of binary data, pairwise spin models — Ising models — have been widely used to address this S safotorooton

@uestion. But, are pairwise models the best for your data? Are the relevant patterns of your data truly pairwise? time bin, ex. ~ 20ms ime

Voting Data [4] Ex. data from the US supreme Court.
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o s; = —1, if the stock has gone down (loss).

How? Two approaches. Find the model M: o with the highest evidence, P(5| M) —— Bayesian approch; -

o which achieves the shortest description of the data, L(5| M) —— MDL principle. EQUIV ALENCE CLASSES

Quality of the Fit Model Complexity SCM Class 4

For large datasets, ’ : S L ]AV ‘ | n=4 r=3 A

the two criteria are identical [1,2]:  log P(§| M) = log P(5§| M,g") — {— log ( > + O (N) = —L(§| M) R —
(assuming Jeffrey’s prior)
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Problem? difficult task due to the huge number of models and the difficulty to evaluate P(5| M) or L(5| M), even
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APPROACH 2: SELECTION WITHIN AND BETWEEN CLASSES
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