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Finding Representatives via Nearest Neighbor Based Binarization and Frequent Pattern Mining
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We propose to find representative data points from continuous data via a two-step procedure: We first binarize
data points based on the nearest neighbor search, followed by performing frequent pattern mining on the binarized
data. Since frequent patterns correspond to combinations of data points shared by many other data points as their
neighbors, they are expected to well summarize the entire dataset. We empirically show that representative data
points detected by our method have competitive quality with random sampling in the classification scenario.
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1: Input k, s
2: for alli=1to N do
3: forall j=1to N do
Calculate the distance between x; and x;

4
5 end for
6: for all j=1to N do
7 if the distance between x; and x; is [th smallest
with [ < k then
d =1
9: else
10: =0
11: end if
end for

%

end for
for alli=1to N do
Generate T; by Equation (1)
end for
T+~ {Tl,TQ,. .. ,TN}
Apply T to frequent pattern mining
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18:

with the minimun support s
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20:

S <+ maximum frequent itemsets
Outout S
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