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1. Complete information about microarray datasets used in the study.

Number
Number of va- Number ' ' o
Task | Dataset name of riables of sam- | Diagnostic or outcome prediction task | Reference
classes ples
(genes)
Su 11 12533 174 11 various human tumor types !
Ramaswany 2 15009 308 14 variogs human tumor types and 12 2
normal tissue types
Staunton 9 5726 60 9 various human tumor types 3
Pomeroy 5 5920 90 5 human brain tumor types 4
Nutt 4 10367 50 4 malignant glioma types >
. Acute myelogenous leukemia (AML),
'@ | Golub 3 5327 72 acute lymphoblastic leukemia (ALL) B- 6
§ cell and ALL T-cell
) AML, ALL and mixed-lineage leuke- 7
Q | Armstrong 3 11225 72 mia (MLL)
Bhattacharjee 12600 203 4 lung cancer types and normal tissues 8
Khan 2308 83 Smal!, round blue cell tumors (SRBCT) 9
of childhood
. Diffuse large B-cell lymphomas
Shipp 2 5469 v (DLBCL) gnd foIIicuI}:ar [I)ymphomas N
Singh 2 10509 102 Prostate tumor and normal tissues u
lizuka 2 2070 60 Hepatocellular _carcinoma 1-year recur- 12
rence-free survival
Beer 2 7129 86 Lung adenocarcinoma survival 13
2 | eer 5 24188 97 Brea_st cancer 5-year metastasis-free 14
S survival
2 | Rosenwald 2 7399 240 Non-Hodgkin lymphoma survival 1
a Yeoh 5 12240 233 Acute Iyr_nphocytic leukaemia relapse- 16
free survival
Pomeroy 2 7129 60 Medulloblastoma survival 4
Bhattacharjee 2 12600 62 Lung adenocarcinoma 4-year survival 8

All diagnostic microarray datasets were downloaded from http://www.gems-system.org and all prognostic datasets

were obtained from the links given in *'.



http://www.gems-system.org/

2. Detailed classification performance results without gene selection. The reported measure of performance is area
under ROC curve (AUC) ***° for binary datasets and relative classifier information (RCI) % for multicategory data-
sets. All performance estimates were obtained by 10-fold cross-validation ?*. See text for details.

RF (ntree = 500

RF (ntree = 1000

RF (ntree = 2000

Task Dataset SVM mtryFactor = 1) mtryFactor = 1) mtryFactor = 1)
Su 0.9580 0.9092 0.8899 0.9002
Ramaswany 0.9053 0.8480 0.8600 0.8614
Staunton 0.7700 0.7853 0.7837 0.8053
Pomeroy 0.8231 0.5379 0.6112 0.5630
2 Nutt 0.7749 0.7329 0.7504 0.7580
% Golub 0.9390 0.8589 0.8675 0.9049
A | Armstrong 0.9442 0.9197 0.9197 0.9197
Bhattacharjee | 0.8945 0.7543 0.7543 0.7543
Khan 1.0000 1.0000 1.0000 1.0000
Shipp 0.9917 0.9650 0.9733 0.9733
Singh 0.9640 0.9480 0.9400 0.9440
lizuka 0.6625 0.6875 0.7750 0.7750
Beer 0.7980 0.6135 0.6639 0.6476
% Veer 0.7470 0.7672 0.7703 0.7733
S | Rosenwald 0.6891 0.6523 0.6201 0.6391
E Yeoh 0.7766 0.6724 0.6513 0.6688
Pomeroy 0.6917 0.6250 0.5167 0.5917
Bhattacharjee | 0.5194 0.5611 0.6139 0.5583
Task Dataset RF (ntree = 500 RF (ntree = 1000 RF (ntree = 2000 RF (ntree = 500
mtryFactor = 0.5) mtryFactor = 0.5) mtryFactor = 0.5) mtryFactor = 2)
Su 0.8878 0.9122 0.8986 0.9058
Ramaswany 0.8421 0.8397 0.8408 0.8629
Staunton 0.7163 0.7365 0.7838 0.7908
Pomeroy 0.5290 0.5290 0.5290 0.6112
§ Nutt 0.7580 0.7241 0.7253 0.7787
% Golub 0.8589 0.8272 0.8304 0.9160
A | Armstrong 0.9197 0.8944 0.9197 0.9449
Bhattacharjee 0.7176 0.7130 0.7311 0.7543
Khan 1.0000 1.0000 1.0000 1.0000
Shipp 0.9650 0.9733 0.9650 0.9733
Singh 0.9280 0.9440 0.9440 0.9440
lizuka 0.7500 0.8000 0.8125 0.7625
Beer 0.6397 0.6802 0.6679 0.6730
é Veer 0.7795 0.7623 0.7682 0.7672
§, Rosenwald 0.6316 0.6406 0.6417 0.6418
& | Yeoh 0.6605 0.6484 0.6470 0.6824
Pomeroy 0.6167 0.5917 0.6083 0.5958
Bhattacharjee 0.6056 0.5611 0.6028 0.5528




RF (ntree = 1000 RF (ntree = 2000 RF (optimized b
Task Dataset mtr(yFactor =2) mtr(yFactor =2) grgss—val.) g

Su 0.9005 0.9001 0.9104
Ramaswany 0.8705 0.8705 0.8614
Staunton 0.8516 0.8231 0.8187
Pomeroy 0.6112 0.6112 0.6112

3 | Nutt 0.7497 0.7580 0.7329

% Golub 0.9049 0.9160 0.9337

O | Armstrong 0.9197 0.9197 0.8944
Bhattacharjee 0.7627 0.7627 0.7627
Khan 1.0000 1.0000 1.0000
Shipp 0.9833 0.9833 0.9733
Singh 0.9520 0.9520 0.9440
lizuka 0.7750 0.7875 0.7625
Beer 0.6726 0.6790 0.6456

@ | Veer 0.7703 0.7783 0.7542

S | Rosenwald 0.6399 0.6418 0.6293

CE: Yeoh 0.6437 0.6599 0.6604
Pomeroy 0.6292 0.5958 0.6000
Bhattacharjee 0.5972 0.5806 0.5611
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