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FRAMEWORK AND NOTATIONS

DETECTION CHANGES IN THE WHOLE DISTRIBUTION DETECTING CHANGES IN THE MEAN IN A RKHS

We have n independent ordered observations (Xq,...,X,) € A".

We consider the non-parametric change-point problem where one
tries to recover abrupt changes arising in the distribution of random

variables X1,...,X,,. H is the reproducing kernel Hilbert space (RKHS) associated to

kernel k£, and ¢ = X — H is the canonical feature map defined

Application: detection of DNA alteration in cancer using SNP arrays. by ©(z) = k(z, o).

We jointly segment the copy number and baf signal (changes are

not only in the mean or variance of the signal). with Vz,y € X we have : (¢(z), ®(y))n = k(,y).

Illustration : SNP array data For each locus ¢t € {1,...,n} and X; € & we define:
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ALGORITHMS AND STATISTICAL PERFORMANCES

A FASTER EXACT ALGORITHM AND A HEURISTIC [RUNTIME
Faster than the ECP package Process up to n = 10°
Our algorithm recovers for all D between 1 and D, : P 5 P
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where Mp .41 is the set of segmentation in D segments of {1...n}. . y =
S o S
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