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descriptions, in data. Any search for structure is a hazardous ritual
that can approach magical thinking, unless we allow for the possibility
that the revealed structure could have arisen by chance. Even so,
exploratory search, when suitably controlled and properly balanced by
more classical statistical methods, has been an important contributor
to scientific progress. Some emerging theories of data analysis seek to
provide a framework for exploratory data analysis as an ingredient of
formal scientific inquiry.
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conveniently using median differences. These medians are then
combined, in a way related to usual analyses of paired-comparisons
data, to yield row effects and column effects. This approach may be
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two-way diagnostic plot aid in detecting systematic patterns of
nonadditivity and in learning whether a power transformation would
help promote additivity.
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serve to describe skewness and elongation. Variants of quantile~
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