
Appendix E. Supplementary Information 

1. Classification without gene selection using Design II 
Table E1. Performance results (accuracies) without gene selection obtained using LOOCV with 10-fold cross-validation for
parameter selection (Design II). 

Multicategory classification
9_Tumors 11_Tumors 14_Tumors Brain_Tumor1 Brain_Tumor2 Leukemia1
OVR 63.33% 95.40% 74.35% 91.11% 76.00% 97.22%
OVO 55.00% 89.66% 44.48% 91.11% 78.00% 97.22%
DAGSVM 55.00% 89.66% 46.10% 91.11% 78.00% 95.83%
WW 61.67% 94.25% 64.61% 91.11% 78.00% 97.22%
CS 63.33% 94.83% 75.32% 90.00% 76.00% 97.22%

KNN 38.33% 75.29% 50.00% 86.67% 60.00% 80.56%
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Leukemia2 Lung_Cancer SRBCT Prostate_Tumor DLBCL
OVR 98.61% 96.06% 100.00% 92.16% 97.40% 89.24%
OVO 95.83% 95.07% 100.00% 92.16% 97.40% 85.08%
DAGSVM 95.83% 95.57% 100.00% 92.16% 97.40% 85.15%
WW 97.22% 95.07% 100.00% 92.16% 97.40% 88.06%
CS 97.22% 96.55% 100.00% 92.16% 97.40% 89.09%

KNN 86.11% 91.13% 84.34% 79.41% 88.31% 74.56%

Averages
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2. Statistical comparison among classifiers 
Table E2. P-values of the statistical test that compares accuracies of all algorithms with ones of the best MC-SVM methods
(CS, OVR, and WW) using classifications obtained by nested stratified 10-fold cross-validation design (Design I) for all 11
datasets without gene selection. Bold p-values correspond to cases when we cannot reject null hypothesis at the 0.05 level.
 

OVR WW CS
OVR  - 0.981 0.326

OVO 0.016 0.009 0.012

DAGSVM 0.009 0.011 0.009
WW 0.052  - 0.064
CS 0.875 0.990  -

KNN 0.006 0.005 0.004

NN 0.001 0.002 0.001

PNN 0.003 0.005 0.006

Comparison: all algorithms versus
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Table E3. P-values of the statistical test that compares accuracies of all algorithms with ones of the best MC-SVM methods
(CS, OVR, and WW) and NN using classifications obtained by nested stratified 10-fold cross-validation design (Design I)
for 4 datasets (9_Tumors, 14_Tumors, Brain_Tumor1, Brain_Tumor2) with gene selection. Bold p-values correspond to
cases when we cannot reject null hypothesis at the 0.05 level. 
 

OVR WW CS NN

OVR  - 0.965 0.415 0.956

OVO 0.017 0.021 0.011 0.024

DAGSVM 0.016 0.031 0.014 0.043
WW 0.071  - 0.052 0.502
CS 0.751 0.972 - 0.977

KNN 0.027 0.048 0.028 0.043

NN 0.083 0.612 0.072 -

PNN 0.018 0.028 0.020 0.027

Comparison: all algorithms versus
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3. Using inverse power-law curves to explain observed classification accuracy 

We were interested to what extent the number of samples, categories, and variables (prior to gene selection) can explain 
classification accuracy observed in the datasets studied. We explored the relations between classification accuracy and the 
following possible performance predictors: =Θa number of samples; =Θb  number of categories; =Θc  number of 

variables;  number of samples divided by number of categories; =Θd =Θe  number of samples divided by number of 

variables; and Θ number of samples divided by the product of number of variables times number of categories. We fitted 

inverse power-law curves of the type , where p is the classification performance (accuracy), 

=f

β−Θ⋅=100p α−% Θ  is one 
of the performance predictors, α and β are model parameters. The choice of inverse power-law curve is motivated by prior 
machine learning research in learning curves [Cortes1993]. The curve was fitted using the nonlinear Levenberg-Marquardt 
least squares iterative method available in the Matlab Optimization Toolbox [Venkataraman2002]. 
    The inverse power-law curve for explaining performance of the best MC-SVM methods OVR, WW, and CS as a function 
of Θ  (number of samples divided by the product of number of variables prior to gene selectionf

1 times number of categories) 

fitted best according to Euclidian norm metric (Figure E1). The resulting curve is . 

According to this formula, whenever >1.6⋅10

431305.1001021.0%100 −Θ⋅−= fp

fΘ -3, MC-SVM techniques CS, WW, and OVR produce multicategory cancer 
diagnoses with accuracies > 90%. We note that this heuristic rule did not hold in our experiments neither when gene selection 
was employed2 nor when RCI performance metric was used instead of accuracy. 
    The analysis presented above in an initial step towards this research. It is important to note that curve fitting procedure used 
in this study is very simplistic since it does not incorporate predictors describing degree of biological difficulty and assumes 
that datasets and learning tasks used in this study are representative. More complex approaches to modeling performance of 
the classifier as a function of dataset characteristics may also applicable for this domain (e.g., [Mukherjee2003]). 
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4. Ensemble classification 

Table E4. Performance results (accuracies) of ensemble classification applied to outputs of learners that were used without
gene selection. Ensembles were constructed both based on outputs of only MC-SVM classifiers and based on outputs of all
(MC-SVM and non-SVM) classifiers. These results were obtained using nested stratified 10-fold cross-validation design
(Design I). MC-SVM ensemble methods indicated with “*” were applied using extended ranges for optimization of SVM
parameters: costs = {1e-5, 1e-4, 1e-3, 1e-2, 0.1, 1, 10, 100, 1000, 10000} and degrees = {1,2,3,4}. MC-SVM ensemble
methods indicated with “+” were used with RBF kernel and the following ranges for optimization of SVM parameters: cost
= {0.0001, 0.01, 1, 100} and values of σ (RBF kernel parameter) = {0.0001, 0.001, 0.01, 1}. 
 
 

Input data of 
ensemble 

learner
9_Tumors 11_Tumors 14_Tumors Brain_Tumor1 Brain_Tumor2 Leukemia1

56.43% 93.62% 70.04% 91.67% 79.50% 97.50%
OVR 19.10% 34.02% 21.89% 78.36% 56.17% 88.93%
OVO 32.38% 84.05% 40.04% 90.56% 72.50% 96.07%
DAGSVM 34.05% 84.61% 39.70% 90.56% 72.50% 96.07%
OVR* 17.19% 30.49% 23.20% 81.47% 63.83% 88.93%
OVO* 35.48% 86.87% 50.76% 90.56% 72.50% 96.07%
DAGSVM* 41.67% 87.37% 48.81% 90.56% 70.50% 96.07%
OVR+ 45.33% 90.27% 51.08% 90.56% 68.83% 97.50%
OVO+ 59.00% 92.04% 57.14% 90.56% 70.33% 96.07%
DAGSVM+ 59.00% 92.04% 54.90% 90.56% 68.33% 96.07%

63.90% 94.68% 70.57% 90.56% 75.33% 97.50%
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61.90% 93.04% 67.06% 91.67% 77.83% 97.50%

65.33% 95.30% 76.60% 91.67% 77.83% 97.50%
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Input data 
of ensemble 

learner
Leukemia2 Lung_Cancer SRBCT Prostate_Tumor DLBCL

97.32% 96.05% 100.00% 92.00% 97.50%
OVR 76.43% 84.76% 86.63% 92.00% 97.50%
OVO 94.46% 95.55% 100.00% 92.00% 97.50%
DAGSVM 94.46% 95.55% 100.00% 92.00% 97.50%
OVR* 82.14% 85.21% 86.63% 92.00% 97.50%
OVO* 94.46% 96.05% 100.00% 92.00% 97.50%
DAGSVM* 94.46% 96.05% 100.00% 92.00% 97.50%
OVR+ 97.32% 96.05% 100.00% 92.00% 97.50%
OVO+ 94.46% 96.05% 100.00% 92.00% 97.50%
DAGSVM+ 94.46% 96.05% 100.00% 92.00% 97.50%

95.89% 96.05% 100.00% 92.00% 97.50%
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95.89% 95.09% 100.00% 92.00% 97.50%

97.32% 96.55% 100.00% 92.00% 97.50%
Best results of non-ensemble 

classifiers

Method

Majority voting
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Table E5. Performance results (accuracies) of ensemble classification applied to outputs of learners that were used
with gene selection on three datasets: 9_Tumors, Brain_Tumor1, and Brain_Tumor2. Ensembles were constructed
both based on outputs of only MC-SVM classifiers and based on outputs of all (MC-SVM and non-SVM) classifiers.
These results were obtained using nested stratified 10-fold cross-validation design (Design I).  
 

Input data 
of 

ensemble 
learner

9_Tumors Brain_Tumor1 Brain_Tumor2

66.19% 88.31% 79.17%

71.52% 90.42% 84.00%

59.52% 88.44% 73.50%

68.43% 90.42% 82.00%

74.86% 92.67% 85.67%

BW, 1000 KW, 500 KW, 500
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5. Comparison with previously published results 

Table E6. Comparison of classification results obtained in the present study with previously published studies on the same
datasets. If multiple studies were present for a dataset, we selected one that employed the most similar learning task and
followed the most similar experimental design compared to our study. 
 

Accuracy with 
gene selection 

Design I Design II Design I
9_Tumors 65.33% 63.33% 74.86% [Staunton2001]

11_Tumors 95.30% 95.40% Not analyzed

The dataset used by [Su2001] 
contains 1 more sample 
compared to our study. That 
sample was not included in the 
publicly available version of the 
dataset.

The study performed 
LOOCV on 100 
samples (training set) 
and then tested the 
classifier on 75 
samples (testing set).

Methods: Gene selection procedure 
involved the following three major steps: 
(1) minimal thresholding of gene 
expression data; (2) selection of genes 
with small p-values according to Wilcoxon 
test; (3) further gene selection by use of 
SVMs. The study applied a variant of MC-
SVM OVR method for classification.
Results: The study achieved 97% 
accuracy for LOOCV on the training set 
(100 samples) and 95% accuracy on the 
testing set (75 samples).

[Su2001]

14_Tumors 76.60% 75.32% 76.60%

Compared to our study, the 
dataset used in 
[Ramaswamy2001] did not 
contain 90 samples from normal 
tissues and spanned only over 
14 diagnostic categories (not 26 
as used in our study). 
Furthermore,  
[Ramaswamy2001] excluded 20 
"poorly differentiated samples " 
from the main testing set, 
although their technical quality 
was "indistinguishable from the 
other samples in the study". 
Unlike [Ramaswamy2001], we 
treated all testing samples 
equally and included these 20 
samples in the testing set.

The study performed 
LOOCV on 144 
samples (training set) 
and then tested the 
classifier on two 
testing sets - 54 
samples (main testing 
set) and 20 samples 
("poorly 
differentiated " testing 
set).

Methods: Genes were ranked and 
selected according to their contribution to 
the solution of classification problem by 
SVMs. The study employed MC-SVM 
methods (OVO and OVR) and variants of 
KNN and WV algorithms for classification.
Results: Best classification results were 
obtained without gene selection and using 
MC-SVM OVR classifier: 78% accuracy for 
LOOCV on the training set (144 samples), 
78% accuracy on the main testing set (54 
samples), and 30% accuracy on the 
"poorly differentiated " testing set (20 
samples). Classification results with gene 
selection were inferior compared to results 
obtained by utilizing all genes.

[Ramaswamy2001]

Brain_Tumor1 91.67% 91.11% 92.67%

Unlike [Pomeroy2002], where 
researchers experimented only 
with a 42 sample-dataset, our 
study used a version of this 
dataset with 90 samples.

The study performed 
LOOCV on 42 
samples.

Methods: Genes were selected with S2N 
metric. KNN algorithm was used for 
classification.
Results: The study obtained 83.33% 
accuracy.

[Pomeroy2002]

Brain_Tumor2 77.83% 78.00% 85.67%

Unlike our study which solved 
this classification problem with 4 
specific diagnostic categories, 
[Nutt2003] solved this problem 
with 2 more general categories.

The study performed 
LOOCV on 21 
samples (training set) 
and then tested the 
classifier on 29 
samples (testing set).

Methods: Gene selection procedure 
involved the following two steps: (1) 
minimal thresholding of gene expression 
data; (2) selection of genes with S2N 
metric. KNN algorithms was used for 
classification.
Results: The study achieved 86% 
accuracy for LOOCV on the training set 
(21 samples) and 59% accuracy on the 
testing set (29 samples).

[Nutt2003]

This dataset was used for a different task - prediction of chemosensitivity

Experimental design Reference

Our study Published studies

Dataset
Accuracy without 

gene selection
Major differences in dataset 

preparation between our study 
and published studies

Methods and Results

 
This table is continued on the next page. 



 

This table begins on the previous page. 
 

Accuracy with 
gene selection 

Design I Design II Design I

DLBCL 97.50% 97.40% No differences
The study performed 
LOOCV on 77 
samples.

Methods: Genes were selected with S2N 
metric. Classification was performed with 
WV algorithm. 
Results: The study obtained 92% 
accuracy.

[Shipp2002]

Leukemia1 97.50% 97.22% No differences
The study performed 
LOOCV on 34 out of 
72 samples.

Methods: Gene selection procedure 
involved the following two steps: (1) 
minimal thresholding of gene expression 
data; (2) gene selection with BW metric. 
[Lee2003] used MC-SVM MSVM algorithm 
for classification.
Results: The study obtained 97% 
accuracy.

[Lee2003]

Leukemia2 97.32% 98.61%

The dataset used by 
[Armstrong2002] contains 5 less 
samples compared to our study 
(and publicly available version of 
the data).

The study performed 
LOOCV on 57 
samples (training set) 
and then tested the 
classifier on 10 
samples (testing set).

Methods: Gene selection was performed 
with S2N metric. KNN algorithm was used 
for classification.
Results: The study achieved 95% 
accuracy for LOOCV on the training set 
(57 samples) and 90% accuracy on the 
testing set (10 samples).

[Armstrong2002]

Lung_Cancer 96.55% 96.55%

[Aliferis2003a] solved the 
following three binary 
classification tasks: Task 1 - 
normal versus cancerous (203 
samples); Task 2 - adeno versus 
squamous (160 samples); and 
Task 3 -  metastatic adeno 
versus non-metastatic adeno 
(139 samples).

The study used 
nested stratified N-
fold cross-validation 
design (N = 5, 5, and 
7 for tasks 1, 2, and 
3, respectively).

Methods: Gene selection was performed 
by SVM-based recursive feature 
elimination and univariate attribute filtering 
(UAF). Classification algorithms SVM, 
Neural Networks, and KNN were used.
Results: The study achieved 99.64%, 
99.07%, and 96.83% area under ROC 
curve (AUC) for experiments without gene 
selection for tasks 1, 2, and 3, 
respectively. When gene selection was 
performed, the study achieved 99.80%, 
99.63%, and 97.62% AUC for tasks 1, 2, 
and 3, respectively.

[Aliferis2003a]

Prostate_Tumor 92.00% 92.16% No differences
The study performed 
LOOCV on 102 
samples.

Methods: Gene selection was performed 
with S2N metric. KNN algorithm was used 
for classification.
Results: The study achieved 94% 
accuracy.

[Singh2002]

SRBCT 100.00% 100.00%
The dataset used by [Khan2001] 
contains 5 more non-SRBCT 
samples compared to our study.

The study performed 
LOOCV on 63 
samples (training set) 
and then tested the 
classifier on 25 
samples, including 5 
non-SRBCT samples 
(testing set).

Methods: Minimal thresholding was 
applied to gene expression data. PCA was 
used to reduce dimensionality to 10 first 
principal components. Gene selection was 
performed by measuring sensitivity of the 
outputs with respect to inputs. Neural 
Networks were used for classification.
Results: The study achieved 100% 
accuracy for LOOCV on the training set 
(63 samples) and 100% accuracy on the 
testing set (25 samples).

[Khan2001]

Dataset
Accuracy without 

gene selection
Major differences in dataset 

preparation between our study 
and published studies

Experimental design Methods and Results Reference

Not analyzed

Our study Published studies



6. Classification results with Decision Trees and Weighted Voting 

Table E7. Performance results (accuracies) without gene selection obtained using a nested stratified 10-fold cross-
validation design (Design I) for DT, WV OVR, and WV OVO classifiers. These results are further improved by gene
selection (see Table E8). The last column in the bottom table reports average performance computed over datasets.  
 

9_Tumors 11_Tumors 14_Tumors Brain_Tumor1 Brain_Tumor2 Leukemia1
DT 28.29% 68.82% 53.23% 70.42% 63.17% 83.39%

WV OVR 30.14% 30.52% 25.69% 22.14% 47.00% 18.04%

WV OVO 25.29% 34.22% 28.74% 26.86% 36.83% 63.57%no
n-

SV
M

Multicategory classification
Method

Averages
Leukemia2 Lung_Cancer SRBCT Prostate_Tumor DLBCL

DT 85.00% 86.14% 82.74% 89.00% 88.21% 72.58%

WV OVR 41.79% 5.45% 23.65% 59.73% 75.36% 34.50%

WV OVO 34.64% 40.24% 53.83% 59.73% 75.36% 43.57%

Binary classifcation
Method

Multicategory classification

no
n-

SV
M

 
 

Table E8. Performance results (accuracies) with gene selection obtained using a nested stratified 10-fold cross-
validation design (Design I) for DT, WV OVR, and WV OVO classifiers and two datasets, Brain_Tumor1 and
Brain_Tumor2.  

Brain_Tumor1 Brain_Tumor2
DT 75.89% 72.67%
WV OVR 34.44% 47.00%
WV OVO 47.31% 36.83%

Method

no
n-

SV
M
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