SUPPLEMENTARY INFORMATION

Creating Figure 1 
Gene i is represented as a centered and normalized unit vector in a 96 dimensional space; 
[image: image1.wmf].
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 We identify two specific genes; BUB1,
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 and ESR1, 
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. The 96-dimensional survival vector,
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, is a binary vector indicating whether patient 
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 has an MFTI (metastasis free time interval) greater or equal to 5 years. Next, we center and normalize
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to obtain 
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. The correlation between any two unit vectors, either a gene and survival or two genes, is simply the cosine of the angle between the vectors which is calculated by their dot-product; e.g.
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. In order to generate the "globe" figure (Fig. 1B) we generated a set of three orthogonal unit vectors
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, creating a space on which the projection of 
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 maintain their unit length and thus will reside on the surface of the "globe". Moreover, we require that 
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 in order that the north-pole and the survival vector will coincide. This is performed using a Gram-Schmidt orthonormalization method (Strang, 2003). In general, the projections of all other genes, 
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 on this space fall inside the unit sphere. The coordinates of any gene in this "globe" can be used to calculate its correlations with the chosen vectors; survival, BUB1 and ESR1. Specifically, the latitude which can be easily read from Fig. 1 is the angle between a gene and survival.
Creating Figure 2
1000 different pairs of training and test sets were generated by partitioning the 96 samples, 1000 times, into subgroups of 77 and 19. Each training set dictates a different gene ranking with respect to correlation with survival. For each partition, we used the top 5810 genes to build a series of 83 classifiers, each based on a different group of 70 genes; the first classifier used the top 70 genes, the second - the genes ranked 71-140, etc. For each classifier we measured the training and the test error.
Kaplan Meier analysis of the additional seven classifiers
To demonstrate the efficiency of the seven alternative classifiers in discriminating between poor and good prognosis patients, we carried out a univariate Kaplan-Meier analysis with time to development of distant metastasis as a variable. The analysis was performed on all 96 patients. Each of the classifiers divided the patients into those with good prognosis signature, and those with poor prognosis signature. As shown in Fig. 3, in all seven classifiers, the probability of remaining disease free is significantly higher in patients classified as having good prognosis signature. The Kaplan-Meier plots of the seven classifiers appear aside to those of van't Veer et al. (left top corner), showing that their classification performance is at the same level as van't Veer et al.'s classifier.
Probability of genes to have correlation higher than a given threshold

We assumed that the probability distribution of each gene's correlation to survival is a part of a Gaussian that is confined in the region [-1,1], normalized to 1, with a mean and standard deviation as appearing in Fig. 5. The probability of genes to have absolute correlation higher than a given threshold (see Fig. 7) is calculated using the aforementioned distributions.

Eliminating correlation between ER status and outcome
First, the 96 samples were divided into 61 (ER) positive tumors and 35 (ER) negative tumors. Then each of those groups was divided into two subgroups: good prognosis patients and poor prognosis patients. Since there are more good prognosis than poor prognosis patients in the (ER) positive group (39 compared to 22), we randomly chose 22 from the 39 good prognosis samples such that the new (ER) positive group contained an equal number, 22, of good and poor prognosis patients. We repeated this procedure for the (ER) negative group, by selecting at random 12 among the 23 poor prognosis patients, thus reducing their number to 12, the number of poor prognosis (ER) positive patients. The resultant dataset was composed of 44 (ER) positive and 24 (ER) negative tumors, and had no correlation between ER status and disease outcome. The new training and test sets were the old training and test set without the samples that were removed from the data set.
To this end we reduced the data set to 68 samples, eliminating correlations between ER status of the tumors and clinical outcome of the patients. We applied our seven good classifiers to the reduced data set, and showed that their predictive performance was not reduced (see Fig. 10), indicating that the classifiers succeed in predicting outcome where ER status fails (van 't Veer et al., 2003). The classifier gene sets generate a long list of genes, pointing to the wide survival impact on gene expression, rather than reflecting the obvious influence of ER status on the gene expression profile.
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Fig. 9. B, Genes' location in the world created by Survival (s), ER1 (e) and BUB1 (b). Grey spheres represent genes which appear neither in van't Veer et al.'s list nor in the 7 alternative lists, based on van’t Veer et al’ training set. Colored spheres denote genes belonging to the extended list of survival related genes, including van't Veer et al.'s genes (red), and the 7 alternative classifier gene sets (each denoted by a different color - orange to blue). The sphere size indicates how close it is to the surface. Large spheres are closer than small ones. A, the histogram of the genes' correlation with the real survival vector (projection onto the vertical s axis - red curve), and with a random permutation of the survival vector (blue curve).
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Fig. 10. Distribution of the top 70 genes, determined by correlation of gene expression with survival, measured over 10 randomly chosen subgroups of N=77 patients (as opposed to Fig 4, here no bootstrap was used). Each row represents a gene and each column - a subgroup. Genes are ordered according to their correlation with survival over the first subgroup (from top to bottom). In each column (based on a different patient subgroup) the top 70 ranked genes are colored black. The genes that were top ranked over one subgroup can have a much lower rank when other subgroups are used to measure the correlation with survival.
[image: image16.png]Error fraction

025

02

015

01

005

025

02

015

01

005

Training error

Test ermor

Classifier number





Fig. 11.  Performance of our seven classifiers. A, the two curves present the training errors' fraction; the solid curve shows the performance of the seven classifiers on the original training set (77 samples), and the dashed curve presents their performance on the reduced dataset which contains 56 samples (see section "Eliminating correlation between ER status and outcome"). B, the two curves present the test error' fraction; the solid curve shows the results on the original test set (19 samples), and the dashed curve on the reduced test sets (12 samples).
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