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The dataset used in the breast cancer example comprised 40 breast cancer samples of three
subtypes: 14 oestrogen receptor and/or progesterone receptor positive (ERPR positive) cases,
15 epidermal growth factor receptor ErbB2/Her2 positive (Her2 positive) cases and 11 triple
negative (TN) cases [1]. For each sample, the data from Ref. [1] provide the mass spectrum
intensity Inss detected at 65533 discrete values of m/z (ionic mass per unit charge). In order to
represent these data as a feature vector suitable for MMD), the mass spectrum for each sample
was transformed by replacing positive values of Ip;¢ by 1. This resulted in a feature vector of
65 533 elements with values 0 or 1 which defines a proteotype for each sample (Additional file 1:
Suppl data file S6). The feature vector for each sample defines a multilocus proteotype analogous
to the multilocus genotypes used in the Campylobater, human and P. californicus examples.

Self-attribution was performed by a Monte-Carlo cross-validation strategy [2] similar to that
used for P. californicus, i.e. I, = 2 samples were randomly removed whose cancer subtypes were
assumed to be unknown. This procedure is repeated for 100 different selections of pairs. Since
the number of samples in the proteomic dataset is relatively small (40 samples), removing few
samples is important to make sure that the remaining samples represent the sources as accurately
as possible.

Overall, cancer samples were correctly attributed to their subtype (ERPR, Her2 or TN) in
63% of the cases. The average self-attribution probabilities for ERPR, Her2 and TN tumours
were 0.64, 0.57 and 0.68, respectively (see Fig. AF5.1). Wrong self-attribution of any of the
subtypes was approximately evenly distributed among the two wrong subtypes.

Self-attribution of breast cancer tumours is not significantly affected by the strategy used to
select loci (Fig. AF5.2). Attribution accuracy saturates for selections of more than ~ 500 loci
irrespective of the strategy used for loci selection.
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Fig. AF5.1. Self-attribution of breast cancer tumours based on proteomic data. FEach

sample (40 in total) is described by a 65533 loci proteotype. Different colours, indicated in the legend,
correspond to different cancer subtypes (ERPR, Her2 and TN). The bars for a given subtype provide
the probability p, s that removed samples, u, from this subtype are attributed to each of the possible
sources, s. The probability indicated by the bars corresponds to the mean assignment probability over
different selections. On average, ERPR, Her2 and TN subtypes are correctly attributed in 64%, 57%
and 68% of the cases, respectively.
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Fig. AF5.2. Selection of markers for self-attribution of breast cancer proteotypes. Symbols
show the self-attribution probability p** that individuals from any of the three cancer subtypes (ERPR,
Her2 or TN) are correctly attributed to their source. The probability is plotted as a function of the
number of SNPs selected at random and with strategies S1 (loci ranked in decreasing within-source
diversity), S2 (loci ranked in decreasing between-source diversity) and S3 (reordering the loci ranking

of S2 to reduce loci redundancy).
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