











Validation of the prognostic test on independent da ta

To validate the prognostic test, we compute its sensitivity gretifecity on an
independent set of samples, the Pawitan data set [26], which sooiSiE59 primary
breast cancer patients. This test set includes both patieritslywiph-node-negative
tumors and patients with lymph-node-positive tumors, and who had or haeceoted
adjuvant systemic therapy. Following the practice in most ofitdvature, our objective
is to predict the development of distant metastases within &aesy Of the 159 patients,
35 patients developed distant metastases (relapse) within fare {f®oor-outcome”),
and 119 patients were free of distant metastases (no relapse) the follow-up for a
period of at least five years (“good-outcome”). Note that thentdliein of good-outcome
for patients in the validating data is different from the debnitin the training data
because we have used extreme samples to identify the prognostic signature.

Our prognostic test is the classical likelihood ratio test,rawted by assuming that the
features are conditionally independent under both classes, namely “poomelt(the
null hypothesis) and “good outcome” (the alternative hypothesis);Metods’. The
LRT reduces to comparing a weighted average of the 80 featur@ghreshold. The
weights depend on the statistics of the individual features underclasbes and are
estimated from the training data; the threshold is also dstihfeom the training set,
using cross-validation. The LRT built from the prognostic signatchesges a sensitivity
of 88.6% (31 out of the 35 poor-outcome samples) and a specificity of 858t of
the 119 good-outcome samples) on the 154 samples included in the validadirsgtdat
The remaining five patients, who either developed distant metastdier five years or
were free of distant metastases with a follow-up period less five years, are not
included in the validating data set. We compute the odds ratio of thegstagtest for
developing metastases within five years between the patierite pobr-outcome group
and in the good-outcome group as determined by the prognostic test. Thespiotest
has a high odds ratio of 9.3 (95% confidence interval: 3.1 — 28.1) with a’'§iskact
testp-value < 0.00001. To make the results easier to understand, we have incltited
additional files the heat maps of the two-group (good- and poor-outcaugsivised
clusters of the integrated training data and test data for thesigd&ture genes (see
Additional file 1 and file 2).

It is noteworthy that performance of the LRT on the validation idatatually somewhat
betterthan the performance on the training set (which is estimatentdss-validation).
Specifically, from Figure 1 (see also ‘Methods’), the spetyfiof the LRT prognostic
test is around 43% at approximately 90% sensitivity when egthifabm the training
data, whereas a specificity of approximately 55% at abouts#mee sensitivity is
achieved on the independent validation set.

To obtain another useful estimate of the clinical outcome, we apliRT built from

the prognostic signature to all of the 159 samples in the Pawitaseteand calculate the
probability of remaining free of distant metastases accotdirije prognostic signature
by using Kaplan-Meier analysis. The Kaplan-Meier curve of tlegrystic signature
shows a significant differencg-falue < 0.001) in the probability of remaining free of
distant metastases between the patients in the poor-outcome gebthwse in the good-
outcome groups (Figure 3A). Thevalue is computed by the use of log-rank test. The
Mantel-Cox estimation of hazard ratio for distant metastastsnwiive years in the
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Figures

Figure 1 — Choosing size of the signature

The relationship between the number of features in a prognostictisgrend the
specificity at 90% sensitivity of the corresponding prognostic estluated by 40-fold
cross-validation. We seleat,,; =80, the smallest value that achieves roughly maximum
specificity at the 90% sensitivity level. The specificity alisd on the validation set is
in fact higher.

Figure 2 — The heat map of the 80 signature gene pa irs

The Wang data set is used to illustrate the gene expressias \ailthe signature genes.
A heat map is generated using the matrix2png software [34]. TérereB0 rows
corresponding to the 80 gene pairs; the displayed intensitieseadifferences between
the expression values of the two genes in each pair. The erpresdue for each
difference is normalized across the samples to zero mean arsdamard deviation (SD)
for visualization purposes. Differences with expression leveldegréda@an the mean are
colored in red and those below the mean are colored in green. dleeirsticates the
number of SDs above or below the mean.

Figure 3 — The Kaplan-Meier analysis

Kaplan-Meier analysis of the probability of remaining freaedistant metastases among
159 Pawitan patients between the good-outcome group and the poor-outcomé lgeoup.
LRT is based on the integrated data in (A) and the siMgbng data set in (B). ClI
denotes confidence interval and thealue is calculated by the log-rank test.
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211581 x_#ST1

18, 51 leukocyte specific transcript 1

19 221273 s _dDKFZP761H1710hypothetical protein DKFZp761H1710

20 205395_s gMRE11A MRE11 meiotic recombination 11 homolog A ¢8revisiae)
20, 59 214973_x_4!GHD immunoglobulin heavy constant delta

21,27 211881_X_JiGLJ3 immunoglobulin lambda joining 3

22 202602_s gHTATSF1 HIV-1 Tat specific factor 1

22 218143_s g8CAMP2 secretory carrier membrane protein 2

23 212911 _at | DNAJC16 DnaJ (Hsp40) homolog, subfa@®ilmember 16

23 204817_at | ESPL1 extra spindle poles like 1 ¢&\isiae)

24 215783_s_gALPL alkaline phosphatase, liver/bone/kidney

25, 38, 39, |204825_at [MELK maternal embryonic leucine zipper kinase

44,52, 71

25 213689_x_dRPL5 Ribosomal protein L5

26 206545_at | CD28 CD28 molecule

27 206364 _at | KIF14 kinesin family member 14

28,60, 61 | 208079 s #®URKA aurora kinase A

28 214955 _at | TMPRSS6 transmembrane protease, $erine

29 210966 _x gtARP1 La ribonucleoprotein domain family, member 1

29 218830_at | RPL26L1 ribosomal protein L26-like 1

30 204498_s_gADCY9 adenylate cyclase 9

31 206211 at | SELE selectin E (endothelial adhesiolecule 1)

32,34,69 | 201890 _at| RRM2 ribonucleotide reducké8eolypeptide

32 219298 _at | ECHDC3 enoyl Coenzyme A hydratase giocwataining 3

33 204847_at | ZBTB11 zinc finger and BTB domain egrihg 11

35, 62 203214 _x_a€DC2 cell division cycle 2, G1to Sand G2to M

36 204605_at | CGRRF1 cell growth regulator with rimger domain 1

36 211251 _x_aNFYC nuclear transcription factor Y, gamma

37, 65 213008_at | KIAA1794 KIAA1794

37,73 210042 s aETSZ cathepsin Z

38 203595_s_gtFIT5 interferon-induced protein with tetratricopiele repeats 5
40 221529_s_gPLVAP plasmalemma vesicle associated protein

40 202114 _at | SNX2 sorting nexin 2

41 211779 _x_dAP2A2 adaptor-related protein complex 2, alphalfusit

41, 63 202324_s_#ACBD3 acyl-Coenzyme A binding domain containing 3

42, 57 201821_S_$TIMM17A translocase of inner mitochondrial membrdifehomolog A (yeast)
42 201551_s gtAMP1 lysosomal-associated membrane protein 1

43 48808_at DHFR dihydrofolate reductase

44 211643_x_dL0C651961 Myosin-reactive immunoglobulin light chaiariable region
45 210396_s_dt0C440354 PI-3-kinase-related kinase SMG-1 pseedeg

45 201070_x_g6F3B1 splicing factor 3b, subunit 1, 155kDa

46 207391_s_gPIP5K1A phosphatidylinositol-4-phosphate 5-kindgpe |, alpha
47 200800 _s gHSPA1A heat shock 70kDa protein 1A

47 201009_s_dTXNIP thioredoxin interacting protein

48 203530_s_g6TX4 syntaxin 4

48, 50 218085 _at | CHMP5 chromatin modifying protein

49, 68, 70 | 219555_s_@t160rf60 chromosome 16 open reading frame 60

49 210419 at | BARX2 BarH-like homeobox 2

50 214119 s gFKBP1A FK506 binding protein 1A, 12kDa
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