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Validation of the prognostic test on independent da ta 

To validate the prognostic test, we compute its sensitivity and specificity on an 
independent set of samples, the Pawitan data set [26], which consists of 159 primary 
breast cancer patients. This test set includes both patients with lymph-node-negative 
tumors and patients with lymph-node-positive tumors, and who had or had not received 
adjuvant systemic therapy. Following the practice in most of the literature, our objective 
is to predict the development of distant metastases within five years. Of the 159 patients, 
35 patients developed distant metastases (relapse) within five years (“poor-outcome”), 
and 119 patients were free of distant metastases (no relapse) during the follow-up for a 
period of at least five years (“good-outcome”). Note that the definition of good-outcome 
for patients in the validating data is different from the definition in the training data 
because we have used extreme samples to identify the prognostic signature.  

Our prognostic test is the classical likelihood ratio test, determined by assuming that the 
features are conditionally independent under both classes, namely “poor outcome” (the 
null hypothesis) and “good outcome” (the alternative hypothesis); see ‘Methods’. The 
LRT reduces to comparing a weighted average of the 80 features to a threshold. The 
weights depend on the statistics of the individual features under both classes and are 
estimated from the training data; the threshold is also estimated from the training set, 
using cross-validation. The LRT built from the prognostic signature achieves a sensitivity 
of 88.6% (31 out of the 35 poor-outcome samples) and a specificity of 54.6% (65 out of 
the 119 good-outcome samples) on the 154 samples included in the validating data set. 
The remaining five patients, who either developed distant metastases after five years or 
were free of distant metastases with a follow-up period less than five years, are not 
included in the validating data set. We compute the odds ratio of the prognostic test for 
developing metastases within five years between the patients in the poor-outcome group 
and in the good-outcome group as determined by the prognostic test. The prognostic test 
has a high odds ratio of 9.3 (95% confidence interval: 3.1 – 28.1) with a Fisher’s exact 
test p-value < 0.00001. To make the results easier to understand, we have included in the 
additional files the heat maps of the two-group (good- and poor-outcomes) supervised 
clusters of the integrated training data and test data for the 112-signature genes (see 
Additional file 1 and file 2). 

It is noteworthy that performance of the LRT on the validation data is actually somewhat 
better than the performance on the training set (which is estimated by cross-validation). 
Specifically, from Figure 1 (see also ‘Methods’), the specificity of the LRT prognostic 
test is around 43% at approximately 90% sensitivity when estimated from the training 
data, whereas a specificity of approximately 55% at about the same sensitivity is 
achieved on the independent validation set.    

To obtain another useful estimate of the clinical outcome, we apply the LRT built from 
the prognostic signature to all of the 159 samples in the Pawitan data set and calculate the 
probability of remaining free of distant metastases according to the prognostic signature 
by using Kaplan-Meier analysis. The Kaplan-Meier curve of the prognostic signature 
shows a significant difference (p-value < 0.001) in the probability of remaining free of 
distant metastases between the patients in the poor-outcome group and those in the good-
outcome groups (Figure 3A). The p-value is computed by the use of log-rank test. The 
Mantel-Cox estimation of hazard ratio for distant metastases within five years in the 















17 

References 

1. Jemal A, Siegel R, Ward E, Murray T, Xu J, Smigal C, Thun MJ: Cancer 
Statistics, 2006. CA Cancer J Clin 2006, 56(2):106-130. 

2. Eifel P, Axelson JA, Crowley J, Curran WJ, Deshler A, Fulton S, Hendricks CB, 
Kemeny M: National Institutes of Health Consensus Development Conference 
Statement: Adjuvant Therapy for Breast Cancer, November 1-3, 2000. J Natl 
Cancer Inst 2001, 93(13):979-989. 

3. Goldhirsch A, Glick JH, Gelber RD, Coates AS, Thurlimann B, Senn HJ, and 
Panel M: Meeting Highlights: International Expert Consensus on the 
Primary Therapy of Early Breast Cancer 2005. Ann Oncol 2005, 16(10):1569-
1583. 

4. Early Breast Cancer Trialists' Collaborative G: Polychemotherapy for early 
breast cancer: an overview of the randomised trials. The Lancet 1998, 
352(9132):930. 

5. van de Vijver MJ, He YD, van 't Veer LJ, Dai H, Hart AAM, Voskuil DW, 
Schreiber GJ, Peterse JL, Roberts C, Marton MJ et al: A Gene-Expression 
Signature as a Predictor of Survival in Breast Cancer. N Engl J Med 2002, 
347(25):1999-2009. 

6. van 't Veer LJ, Dai H, van de Vijver MJ, He YD, Hart AAM, Mao M, Peterse HL, 
van der Kooy K, Marton MJ, Witteveen AT et al: Gene expression profiling 
predicts clinical outcome of breast cancer. Nature 2002, 415:530-536. 

7. Wang Y, Klijn JG, Zhang Y, Sieuwerts AM, Look MP, Yang F, Talantov D, 
Timmermans M, Meijer-van Gelder ME, Yu J: Gene-expression profiles to 
predict distant metastasis of lymph-node-negative primary breast cancer. 
Lancet 2005, 365:671-679. 

8. Ma X-J, Wang Z, Ryan PD, Isakoff SJ, Barmettler A, Fuller A, Muir B, 
Mohapatra G, Salunga R, Tuggle JT: A two-gene expression ratio predicts 
clinical outcome in breast cancer patients treated with tamoxifen. Cancer Cell 
2004, 5(6):607. 

9. Naderi A, Teschendorff AE, Barbosa-Morais NL, Pinder SE, Green AR, Powe 
DG, Robertson JFR, Aparicio S, Ellis IO, Brenton JD et al: A gene-expression 
signature to predict survival in breast cancer across independent data sets. 
Oncogene 2006. 

10. Chang HY, Nuyten DSA, Sneddon JB, Hastie T, Tibshirani R, Sorlie T, Dai H, 
He YD, van't Veer LJ, Bartelink H et al: From The Cover: Robustness, 
scalability, and integration of a wound-response gene expression signature in 
predicting breast cancer survival. PNAS 2005, 102(10):3738-3743. 



20 

Figures 
 

Figure 1 – Choosing size of the signature 

The relationship between the number of features in a prognostic signature and the 
specificity at 90% sensitivity of the corresponding prognostic test, evaluated by 40-fold 
cross-validation. We select mopt =80, the smallest value that achieves roughly maximum 
specificity at the 90% sensitivity level.  The specificity observed 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 expression values of the signature genes. 
A heat map is generated using the matrix2png software [34]. There are 80 rows 
corresponding to the 80 gene pairs; the displayed intensities are the differences between 
the expression values of the two genes in each pair.  The expression value for each 
difference is normalized across the samples to zero mean and one standard deviation (SD) 
for visualization purposes. Differences with expression levels greater than the mean are 
colored in red and those below the mean are colored in green. The scale indicates the 
number of SDs above or below the mean.  

Figure 3 – The Kaplan-Meier analysis  

Kaplan-Meier analysis of the probability of remaining free of distant metastases among 
159 Pawitan patients between the good-outcome group and the poor-outcome group. The 
LRT  is based on the integrated data in (A) and the single, Wang data set in (B). CI 
denotes confidence interval and the p-value is calculated by the log-rank test.  
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18, 51 211581_x_at LST1 leukocyte specific transcript 1 

19 221273_s_at DKFZP761H1710  hypothetical protein DKFZp761H1710 

20 205395_s_at MRE11A MRE11 meiotic recombination 11 homolog A (S. cerevisiae) 

20, 59 214973_x_at IGHD immunoglobulin heavy constant delta 

21, 27 211881_x_at IGLJ3 immunoglobulin lambda joining 3 

22 202602_s_at HTATSF1 HIV-1 Tat specific factor 1 

22 218143_s_at SCAMP2 secretory carrier membrane protein 2 

23 212911_at DNAJC16 DnaJ (Hsp40) homolog, subfamily C, member 16 

23 204817_at ESPL1 extra spindle poles like 1 (S. cerevisiae) 

24 215783_s_at ALPL alkaline phosphatase, liver/bone/kidney 
25, 38, 39, 
44, 52, 71 

204825_at 
 

MELK 
 

maternal embryonic leucine zipper kinase 
 

25 213689_x_at RPL5 Ribosomal protein L5 

26 206545_at CD28 CD28 molecule 

27 206364_at KIF14 kinesin family member 14 

28, 60, 61 208079_s_at AURKA aurora kinase A 

28 214955_at TMPRSS6 transmembrane protease, serine 6 

29 210966_x_at LARP1 La ribonucleoprotein domain family, member 1 

29 218830_at RPL26L1 ribosomal protein L26-like 1 

30 204498_s_at ADCY9 adenylate cyclase 9 

31 206211_at SELE selectin E (endothelial adhesion molecule 1) 

32, 34, 69 201890_at RRM2 ribonucleotide reductase M2 polypeptide 

32 219298_at ECHDC3 enoyl Coenzyme A hydratase domain containing 3 

33 204847_at ZBTB11 zinc finger and BTB domain containing 11 

35, 62 203214_x_at CDC2 cell division cycle 2, G1 to S and G2 to M 

36 204605_at CGRRF1 cell growth regulator with ring finger domain 1 

36 211251_x_at NFYC nuclear transcription factor Y, gamma 

37, 65 213008_at KIAA1794 KIAA1794 

37, 73 210042_s_at CTSZ cathepsin Z 

38 203595_s_at IFIT5 interferon-induced protein with tetratricopeptide repeats 5 

40 221529_s_at PLVAP plasmalemma vesicle associated protein 

40 202114_at SNX2 sorting nexin 2 

41 211779_x_at AP2A2 adaptor-related protein complex 2, alpha 2 subunit 

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

42, 57 201821_s_at TIMM17A translocase of inner mitochondrial membrane 17 homolog A (yeast) 

42 201551_s_at LAMP1 lysosomal-associated membrane protein 1 

43 48808_at DHFR  dihydrofolate reductase  

44 211643_x_at LOC651961 Myosin-reactive immunoglobulin light chain variable region  

45 210396_s_at LOC440354  PI-3-kinase-related kinase SMG-1 pseudogene  

45 201070_x_at SF3B1 splicing factor 3b, subunit 1, 155kDa 

46 207391_s_at PIP5K1A phosphatidylinositol-4-phosphate 5-kinase, type I, alpha 

47 200800_s_at HSPA1A heat shock 70kDa protein 1A  

47 201009_s_at TXNIP thioredoxin interacting protein 

48 203530_s_at STX4 syntaxin 4 

48, 50 218085_at CHMP5 chromatin modifying protein 5 

49, 68, 70 219555_s_at C16orf60 chromosome 16 open reading frame 60 

49 210419_at BARX2 BarH-like homeobox 2 

50 214119_s_at FKBP1A FK506 binding protein 1A, 12kDa 
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