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Abstract 

We apply robust classification algorithms to high-dimensional genomic data in order to 

find biomarkers, by analyzing variable importance, that enable a better diagnosis of 

disease, an earlier intervention, or a more effective assignment of therapies. The goal is to 

use variable importance ranking to isolate a set of important genes which can be used to 

classify life-threatening diseases with respect to prognosis or type in order to maximize 

efficacy or minimize toxicity in personalized treatment of such diseases. We propose a 

ranking method and present several other methods to select a set of important genes to 

use as genomic biomarkers, and we evaluate the performance of the selected genes in 

patient classification by external cross-validation. The various selection algorithms are 

applied to published high-dimensional genomic data sets using several well-known 

classification methods. For each data set, a set of genes selected on the basis of variable 

importance which performed the best in classification is reported. We show that 

classification algorithms like ours are competitive with other selection methods for 

discovering genomic biomarkers underlying both adverse and efficacious outcomes for 

improving individualized treatment of patients for life-threatening diseases. 

 

KEY WORDS: class prediction; cross-validation; ensembles; gene selection; risk 

profiling 

 

1. Introduction 

Clinical practice strives to provide the best treatment. Ideally, patient treatment should be 

based on an individual’s disease characteristics and risk factors. It is often hypothesized 
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that an individual’s levels of gene transcripts reflect disease characteristics or risk factors, 

and microarray gene expression profiles are a promising source of biomarkers, which 

could guide clinical practice. 

Microarray technology has been increasingly used in cancer research, because of 

its potential for classification of tissue samples based only on gene expression data 

(Dudoit et al., 2002; Alexandridis et al., 2004). Much research involving microarray data 

analysis is focused on distinguishing between different cancer types using gene 

expression profiles from disease samples, thereby allowing more accurate diagnosis and 

effective treatment of each patient (Alizadeh et al., 2000; Gordon et al., 2002). For 

clinically heterogeneous diffuse large B-cell lymphoma (DLBCL), for instance, there 

exist two molecularly distinct forms of DLBCL: germinal centre B-like DLBCL and 

activated B-like DLBCL. Patients with germinal center B-like DLBCL have significantly 

better overall survival than those with activated B-like DLBCL (Alizadeh et al., 2000). 

Consequently, they may require less aggressive chemotherapy. Thus, accurate 

classification of tumor samples and right treatment for distinct tumor types are essential 

for efficient cancer treatment and prolonged survival on a target population of patients. 

Gene expression data might also be used to improve disease prognosis in order to 

prevent some patients from having to undergo painful unsuccessful therapies and 

unnecessary toxicity. For example, gene expression profiling with DNA microarray 

technology was used to predict clinical outcomes in pediatric acute myeloid leukemia 

(AML) prognosis and to find genes whose aberrant expression leads to poor prognosis 

(Yagi et al., 2003).  
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Classification algorithms can be used to process high-dimensional genomic data 

for better prognostication of disease progression and better prediction of response to 

therapy to help individualize clinical assignment of treatment. The predictive models 

built are required to be highly accurate, since the consequence of misclassification may 

result in suboptimal treatment or incorrect risk profiling. 

While DNA microarray technology provides tools to simultaneously study the 

expression profiles of thousands of distinct genes in a single experiment, one major 

challenge in the classification of patients based on gene expression data is the large 

number of genes over a relatively small number of patients in the data set. Since many of 

those genes are not relevant, feature selection is a commonly addressed problem in 

classification (Blum and Langley, 1997; Kohavi and John, 1997). The goal of gene 

selection is to identify a set of genes which plays an important role in the classification. A 

common approach is to select a fixed number of the highest ranked genes based on t-test-

like statistics or some discrimination measures (Dudoit et al., 2002; Liu et al., 2002), 

Support Vector Machines (SVM: Guyon et al., 2002; Tsai et al., 2004), or Random Forest 

(RF: Breiman, 2001; Díaz-Uriarte and de Andrés, 2006). 

In this paper, we propose a method using weighted frequency measure in order to 

obtain highly ranked variables for genomic biomarkers from high-dimensional gene 

expression data by the use of Classification by Ensembles from Random Partitions 

(CERP) (Moon et al., 2006; Ahn et al., 2007) and also evaluate various variable ranking 

approaches.  CERP generates multiple ensembles by randomly repartitioning the feature 

space and building optimal trees in order to achieve a further improvement.  Majority 

voting is performed among these ensembles. The performance of genomic biomarkers 
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identified by our method and various other feature selection methods is compared using 

well-known classification algorithms: Diagonal Linear Discriminant Analysis (DLDA: 

Dudoit et al., 2002), Shrunken Centroids (SC: Tibshirani et al., 2002), k-Nearest 

Neighbor (kNN) and Naïve Bayes (NB) Classifier. Accuracy, sensitivity (SN) and 

specificity (SP) as well as positive predictive value (PPV) and negative predictive value 

(NPV) are primary criteria used in the evaluation of the performance of selected genes 

with a classification algorithm. The complement of the PPV, 1-PPV, is known as the 

false discovery rate (FDR). Algorithms with high SN and high SP as well as high PPV 

and high NPV, which will have high accuracy, are obviously desirable. In this paper we 

focus on overall accuracy and FDR. 

There are major differences among boosting (Schapire, 1990; Freund, 1990), 

bagging (Breiman, 1996), random subspace (Ho, 1998) and CERP. While the same 

features are used by each classifier in the other methods, different features are used by 

each classifier in CERP. Boosting, bagging and random subspace cause dependence 

among classifiers, while the classifiers are less correlated in an ensemble of CERP (Moon 

et al., 2006; Ahn et al., 2007).  

The various feature selection methods in each classification algorithm are applied 

to two publicly available data sets in order to find genomic biomarkers by analyzing 

variable importance, i.e., by determining which individual variables in the genomic 

feature space derived from feature selection methods are most influential in improving 

accuracy. The feature selection methods isolate a set of genes which are expressed 

differentially with respect to the prognosis or types of disease. The performance of the 
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genomic biomarkers from various feature selection methods is assessed by external cross-

validation (CV). 

 

2. Methods for identifying genomic biomarkers 

We propose a method for the variable importance ranking to find predictive genomic 

biomarkers by the use of the CERP algorithm and also evaluate various variable ranking 

approaches. We extract genes used in the classification process, combine a measure of 

importance in each gene by taking the average of the measure in cross-validation (CV), 

and prioritize the list of genes according to variable importance. We do the same for RF, 

which is one of the variable selection methods that we evaluate. We investigate two 

different methods to obtain variable importance from CERP and RF. In CERP we 

propose a frequency count measure with a weight and also consider mean decrease in 

node impurity by using the Gini diversity index. In RF we consider mean decrease in 

prediction accuracy and mean decrease in node impurity. Informative genes are also 

selected according to SVM recursive feature elimination (SVM-RFE; Guyon et al., 2002), 

the BW ratio (Dudoit et al., 2002) and the t-test. The variable importance is averaged and 

ranked via 20 trials of 10-fold CV for each method. We compare the performance of each 

set of genes obtained from the different feature selection methods by using them in each 

of the four classification algorithms to classify patients in two publicly available high-

dimensional data sets. 

 

2.1. Weighted frequency measure (WFM) 
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We propose a weighted frequency measure for ranking variable importance in CERP. 

Each split variable used in trees in an ensemble is measured by a weight based on the 

sample proportions. We suppose n training samples in the root node. We suppose the root 

node is split into nl samples in the left child node and nr samples in the right child node. 

Then, the rates nl/n and nr/n are weights for ranking variables in the left and the right 

child nodes, respectively, where nl + nr = n. As the tree splits further, the weights for the 

second left and right child nodes split from the first left child node would be nll/n and 

nlr/n, respectively, where nll + nlr = nl.  Similarly, the weights for the second left and right 

child nodes split from the first right child node would be nrl/n and nrr/n, respectively, 

where nrl + nrr = nr. This weight is multiplied by the frequency measure on each variable 

in trees in an ensemble to compute the mean weighted frequency in the cross-validation. 

Each predictor variable is ranked with this weighted frequency measure. This method is 

implemented in C++ for CERP. 

 

2.2. Mean decrease in node impurity (MDI) 

This method for ranking variable importance is used for both CERP and RF. A variable 

that has much reduction of node impurity is ranked as more important. The measure of 

node impurity is based on the Gini diversity index (Breiman et al., 1984) defined by 

),|(1)( 2 skpsi k∑−=  where )|( skp  is a probability that a sample is in class k given 

that it falls into a node s. The reduction of node impurity is then measured by 

[ ],)()()(),( vipuipsisi vu +−=Δ θ  where a split θ of node s sends a proportion pu of data 

cases in node s to u and a proportion pv to v. This method is implemented in C++ for 

CERP and R for RF. 
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2.3. Mean decrease in accuracy (MDA) 

The measure of mean decrease in accuracy is used to rank the importance of features for 

RF (Breiman, 2001). This method determines the variable importance by measuring 

mean decrease in out-of-bag accuracy for each tree. Mean decrease is measured as the 

difference between the prediction accuracies from the original samples and the one with 

the out-of-bag portion of the data by randomly permuting the values of a predictor 

variable in the out-of-bag set of each tree. This method is not applicable to CERP because 

CERP uses random partitions of features in an ensemble. This method is used with the 

randomForest package implemented in R. 

 

2.4. Support Vector Machines Recursive Feature Elimination (SVM-RFE) 

We also consider the SVM-RFE feature selection method of Guyon et al. (2002) to select 

important genes in classification. Nested subsets of features are selected in a sequential 

backward elimination process: starting with all the features, at each RFE step a gene with 

the smallest ranking score (the least important feature) is subsequently removed from the 

variables of SVM with a linear kernel function in each iteration. At each step, the 

associated magnitudes of the weight vector of the SVM, related to the support of features 

for the discrimination function, are used as the feature ranking criterion. MATLAB® and 

the Spider package are used for this method. 

 

2.5. Feature selection with between-within (BW) ratio 

We also consider the ratio of between-group to within-group sums of squares (BW 

ratio). The BW ratio for a gene j, BW(j), is defined as  
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where i indicates a sample. Here, I(.) is the indicator function, jx.  denotes the average 

value of a gene j across all the training samples and kjx  denotes the average value of a 

gene j for a class k. This criterion has been shown to be reliable for variable selection 

from high-dimensional data sets (Dudoit et al., 2002). The variable importance can be 

obtained according to the BW ratio of each variable obtained in the corresponding 

learning set in the CV. The genes with largest BW ratios are ranked high as significant 

genes. This method is implemented in R. 

 

2.6. Feature selection with the t-test 

The t-statistic selects features under the following ranking criterion: 
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where ix + and ix − are the mean values of feature i over positive and negative samples; 

is+ and is− are the corresponding sample standard deviations; n+ and n− are the 

corresponding sample sizes. This method is implemented in R. 

 

2.7. Cross-validation 

In order to validly evaluate the performance of a gene set selected by each method, 10-

fold cross-validation (CV) is used.  CV utilizes resampling without replacement of the 

entire data set to repeatedly develop classifiers on a training set and to evaluate these 

classifiers on a separate test set, and then averages the results over the resamplings. In a 
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10-fold CV, the data are randomly divided into ten roughly equal subsets. In each CV run, 

a set of genes are selected by each method from a training set of data (9 subsets together). 

Using a set of selected genes, each classifier is built and a separate test set of data (the 

remaining subset) is applied to the model. After this process is repeated 10 times, once 

for each left-out subset, one trial of the 10-fold CV is completed. 

 

3. Results 

This section presents the performance of sets of genes selected by various variable 

importance ranking methods and by various feature selection methods in Section 2 using 

four well-known classification algorithms with two published high-dimensional 

microarray data sets relevant to personalized medicine. In each data set, the performance 

is evaluated with a feature selection of 20, 50, 100 and 200 genes. The prediction 

accuracy using all genes (without pre-selection) is also presented as a reference. The 50 

best ranked genes (Dudoit et al, 2002; Lee et al., 2005) are reported as potential 

predictive genomic biomarkers in each data set. 

An R package, sma, is employed for Diagonal Linear Discriminant Analysis 

(DLDA) classification algorithm with the default options (Dudoit et al., 2002). Shrunken 

Centroids (SC) is implemented using a package in R called pamr with a soft thresholding 

option (Tibshirani et al., 2002). The optimal k in k-Nearest Neighbor (k-NN) was found 

via nested 10-fold cross-validation (CV) using a training sample. An R package, knn, is 

employed. For the naïve Bayes classifier, a package in R called naiveBayes is employed 

with the default options. The choice of parameters in each algorithm was obtained using 
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20 trials of 10-fold CV and was found to be one of the best options for the applications 

illustrated in this study. 

We used accuracy and false discovery rate (FDR) to evaluate the prediction 

accuracy of the best ranked genes using various classification algorithms via 10-fold CV. 

We averaged the test results from 20 trials of 10-fold CV in order to achieve a stable 

result (Ahn et al., 2007; Moon et al., 2006, 2007).  

 

3.1. Genomic biomarkers associated with classification of lymphoma subtypes 

As noted above, a goal of cancer treatment is to diagnose accurately and to assign 

individualized therapy for distinct tumor types. Despite the variety of clinical, 

morphological and molecular parameters used to classify human malignancies, patients 

receiving the same diagnosis can have markedly different clinical courses and treatment 

responses. DLBCL is an aggressive malignancy of mature B lymphocytes with 25,000 

cases of annual incidence. Patients with DLBCL have highly variable clinical courses. 

Although most patients respond initially to chemotherapy, fewer than half of the patients 

achieve a durable remission (Alizadeh et al., 2000). There are two distinct types of 

DLBCL on the bases of differentially expressed genes within the B-cell lineage: germinal 

centre B-like DLBCL and activated B-like DLBCL. It is important to distinguish these 

two lymphoma subtypes to maximize efficacy and minimize toxicity on chemotherapy 

responsiveness. Our goal here is to find a set of genes that play an important role in the 

classification of such lymphoma subtypes. 

 The data set consists of 47 samples; 24 of them are from germinal centre B-like 

DLBCL, while 23 are activated B-like DLBCL. The positive rate of this data set is 48.9% 
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by considering activated B-like DLBCL as a positive. Each sample is described by 4,026 

genes. We note that there exist missing values in this data set. A 10-nearest neighbor 

averaging method (Hastie et al., 1999) was employed to impute the missing data. The 

data set with 4,026 genes and 47 samples is publicly available at http://llmpp.nih.gov/ 

lymphoma/. 

 Table 1 shows the performance of the seven feature selection methods coupled 

with the four classification algorithms for the lymphoma data. Twenty, fifty, one-hundred, 

and two-hundred genes are selected in a learning phase of each CV and applied to each 

classification algorithm. Accuracy of each classification algorithm using the whole set of 

genes is also reported in Table 1.  

For DLDA, all feature selection methods improve prediction accuracy ranging 

from 0.9% to 5.5% compared to prediction accuracy of DLDA without  feature selection 

when 50, 100 or 200 genes are selected. Cross-validated accuracy with feature selection 

ranges from 93.4% (SVM-RFE with 50 genes) to 97.7% (the BW ratio with 100 or 200 

genes). FDR ranges from 4.6% (the BW ratio with 100 or 200 genes) to 9.8% (RF-MDI 

with 50 genes). For NB, all feature selection methods show improvement (0.5% to 3.2%) 

compared to accuracy of NB without applying feature selection methods when 200 genes 

are selected. The accuracy and FDR of NB with 200 feature selection ranges from 95.0% 

(6.3%) (SVM-RFE) to 97.5% (4.2%) (CERP-WFM and RF-MDI), respectively. For kNN, 

we have 9.0% to 17.7% improvement by various feature selection methods compared to 

the accuracy without applying feature selection methods when 20, 50, 100 or 200 genes 

are selected. Cross-validated accuracy ranges from 89.7% (SVM-RFE with 200 genes) to 

96.9% (the t-test with 50 genes). FDR ranges from 11.0% (SVM-RFE with 20 genes) to 
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3.4% (the t-test with 100 genes). For SC, it appears that a feature selection method 

improves prediction accuracy between 1.3% and 2.7% compared to the accuracy of SC 

without applying feature selection methods when 100 or 200 genes are selected. It 

appears that a feature selection method with the t-test tends to perform the best among 

various feature selection methods considered in this data set.  

Table 2 shows the selected 50 genes in a learning phase of each CV in 

classification ranked with the weighted frequency measure from CERP, the BW ratio, 

and the t-test. Among 50 genes selected in Table 2, gene numbers 75 (GENE3939X), 

1275 (GENE3326X), 1276 (GENE3327X), 1277 (GENE3328X), 1278 (GENE3329X), 

1279 (GENE3330X), 1280 (GENE3331X), 1281 (GENE3332X), 1291 (GENE3314X), 

1310 (GENE3254X), 1317 (GENE3261X), and 2438 (GENE3967X) are commonly 

ranked the best in classification of lymphoma subtypes from the weighted frequency 

measure (WFM) in CERP and the BW ratio and the t-test. Among them, GENE3330X 

(unknown), GENE3328X (Unknown UG Hs.136345 ESTs), GENE3967X 

(Deoxycytidylate deaminase), GENE3261X (Unknown), GENE3939X (Unknown UG 

Hs.169081 ets variant gene 6 (TEL oncogene)) are also selected as top ranked genes by 

the wrappers (Wang et al., 2005). Figure 2 illustrates a Venn diagram for the selected 50 

genes according to three criteria.  

 

3.2. Prognostic biomarkers associated with pediatric acute myeloid leukemia 

(AML) prognosis 

Current chemotherapy enables a high percentage of pediatric patients with AML to enter 

complete remission (CR), but a large number of them experience relapse with resistant 
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disease (Yagi et al., 2003). Because of the wide heterogeneity of AML, predicting a 

patient’s risk for treatment failure or relapse at the time of diagnosis is critical for the 

optimal treatment. The goal of this study is to identify genes that are associated with 

prognoses of pediatric AML patients.  

This gene expression data consists of 54 AML pediatric patients (< 15 years old) 

with an oligonucleotide microarray containing 12,566 probe sets and it is available at 

ftp://ftp.ncbi.nih.gov/pub/geo/DATA/SOFT/GDS/GDS1059.soft.gz. Patients with 

complete remission for more than 3 years are classified as having a good prognosis, while 

patients experienced induction failure or relapse within 1 year of the first CR are 

considered as having a poor prognosis.  

 Table 3 shows the performance of the feature selection methods applied with the 

classification algorithms for the pediatric AML data. Twenty, fifty, one-hundred and two-

hundred genes are selected in a learning phase of each CV and applied to each 

classification algorithm with all variable selection methods in Section 2. As a reference, 

the accuracies of classification algorithms without applying any feature selection method 

are also shown in Table 3. For all classification algorithms with a selection of 20 genes, 

feature selection with the t-test tends to have the highest accuracy between 65.5% (kNN) 

and 70.7% (SC) and cross-validated FDR between 30.4% (SC) and 36.8% (kNN). It 

shows 15.5% (NB), 12.4% (DLDA), 11.6% (kNN) and 6.6% (SC) improvement on the 

accuracy compared with the accuracy without employing a feature selection method, 

respectively. The performance of feature selection methods in CERP are 1.6 – 9.8% 

higher than the performance of feature selection methods in RF. With a selection of 200 

genes, CERP-WFM method appears to be the best for kNN.  In this data set, most of 
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predictor variables appear to have less predictive power.  Therefore, selection of a few 

important genes in classification of pediatric AML patients is important.  

Table 4 shows the selected 20 genes in classification ranked with the t-test, 

weighted frequency measure from CERP and the BW ratio for the pediatric AML data. 

Among 20 genes selected in Table 4, gene numbers 2230 (X36330_at), 2416 

(X36902_at), 32231 (X38789_at), and 3382 (X39105_at) are commonly ranked the best 

in classification of pediatric AML prognosis by using feature selection methods of the t-

test, CERP-WFM, and the BW ratio.  Among them, the probe set ID 38789_at is known 

as Transketolase (TKT) (Yagi et al., 2003). 

 

4. Discussion 

Recent advancements in biotechnology have accelerated research on the development of 

molecular biomarkers for the diagnosis and treatment of disease. Clinical 

pharmacogenomic profiling to identify patients most likely to benefit from particular 

drugs and patients most likely to experience adverse reactions will enable assignment of 

drug therapies on a scientifically sound predictive basis rather than on an empirical trial-

and-error basis.  

 Large inter-individual differences in benefit from chemotherapy highlight the 

need to develop predictive biomarkers for selecting the right treatment for the right 

patient. Inappropriate chemotherapy can result in the selection of more resistant and 

aggressive tumor cells. To date, no reliable molecular biomarkers have been developed to 

provide the physician with pre-chemotherapy information to accurately predict the 

efficacy of a specific therapy. 
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 We have presented two statistical methods for variable importance ranking in the 

context of our recently developed CERP algorithm in order to find predictive genomic 

biomarkers that are important in classification of patients into risk/benefit categories 

using high-dimensional genomic and other data. We compared the performance of CERP 

to various other methods for feature selection using two published data sets. Methods for 

variable importance using CERP are consistently good relative to RF. Both CERP and RF 

outperformed SVM-RFE. Somewhat surprisingly, both the BW ratio and the t-test tended 

to perform best overall. This phenomenon may be data-dependent. Unlike classification 

trees and nearest neighbors, LDA and NB are unable to take into account gene 

interactions. The variable ranking methods in CERP and RF are capable of handling and 

revealing interactions between variables. However, even though crude criteria such as the 

t-test and the BW ratio appear to identify the genes that discriminate between the classes, 

they may not reveal interactions between genes. 

In one application, tumor subtypes of lymphoma patients were classified based on 

each individual patient’s gene-expression profile. The distinction is important because the 

treatment therapies required for two subtypes are very different, and incorrect treatment 

assignment has both efficacy and toxicity consequences. Methods for variable importance 

to find predictive genomic biomarkers in classification algorithms are essential for the 

realization of personalized medicine in this application, because distinguishing two 

lymphoma subtypes otherwise requires an experienced hematologist’s interpretation of 

several analyses performed in a highly specialized laboratory. Cross-validated accuracy 

can be achieved up to 98% with various variable selection methods including t-test and 

CERP-WFM. It is a substantial improvement (2% - 20%) compared to the performance 
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without applying methods for variable importance when either 100 or 200 genes are 

selected. This level of accuracy shows the real potential for confident clinical assignment 

of therapies on an individual patient basis. 

In the other application, pediatric patients with AML were classified by the 

algorithms as having either a good or poor prognosis, in terms of the likelihood of 

induction failure or relapse within 1 year of the first complete remission, based on gene-

expression profiles. If this were brought into clinical application, a patient with a 

confidently predicted good prognosis might want to elect out of adjuvant chemotherapy 

and its associated debilitating side effects. With current rule-based decisions, almost all 

patients are subjected to chemotherapy. The overall accuracy of this data set with variable 

selection method of the t-test is about 71%, which is too low for implementation in 

clinical practice. When the overall accuracy is low like with pediatric AML data, it is 

important to find a small set of genes that plays an important role in classification of 

patients among thousands of predictor variables, most of which contribute noise rather 

than predictive information.   

As a post analysis, we have investigated combining the results of the gene 

selection methods to identify a small but highly accurate set of predictive genes.  We 

combined the gene sets selected by the t-test and CERP for pediatric AML, using the 20 

genes that were selected most often by each method in the external cross validation 

(Table 4).  A set of 11 common genes showed cross-validated accuracy of 85.5%, which 

was comparable to the highest cross-validated accuracy of the individual methods (Table 

5).  The accuracies in Table 5 are substantially higher than those shown in Table 3 

because the post analysis involved internal cross-validation.  This post analysis shows the 
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potential for selecting gene sets of manageable size with prediction accuracy high enough 

to be used in medical decision making. 

We have presented various methods for finding predictive genomic biomarkers in 

order to assign treatments in a personalized paradigm. The statistical methods to discover 

predictive genomic biomarkers for individualized treatment of diseases play a critical role 

in developing safer and more effective therapies that replace one-size-fits-all drugs with 

treatments that focus on specific patient needs. 
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Table 1:  Accuracy (sd) and FDR of a set of genes (20, 50, 100, 200 and all) from 
CERP-WFM and MDI, RF-MDA and MDI, SVM-RFE, the BW ratio, and the t-test for 
kNN, DLDA, NB and SC algorithms with the lymphoma data based on 20 repetitions 
of 10-fold CV. 
Algorithms Methods 20 genes 50 genes 100 genes 200 genes All 

CERPWFM .918 (.011); .119 .945 (.016); .087 .966 (.007); .053 .968 (.013); .058 
CERPMDI .918 (.008); .116 .950 (.010); .087 .968 (.013); .059 .972 (.010); .053 
RFMDA .916 (.005); .118 .954 (.020); .071 .970 (.013); .053 .969 (.011); .057 
RFMDI .918 (.008); .115 .946 (.011); .098 .965 (.014); .059 .975 (.009); .049 
SVMRFE .914 (.023); .115 .934 (.017); .091 .942 (.029); .083 .960 (.022); .067 
BW .920 (.010); .111 .947 (.013); .080 .977 (.007); .046 .977 (.007); .046 

 
 
 
DLDA 

T-test .923 (.015); .104 .954 (.016); .068 .975 (.009); .046 .973 (.010); .049 

.926 (.022) 

CERPWFM .925 (.012); .102 .947 (.013); .063 .959 (.007); .045 .975 (.014); .042 
CERPMDI .925 (.013); .102 .939 (.008); .077 .959 (.015); .051 .969 (.015); .048 
RFMDA .923 (.011); .105 .939 (.013); .077 .963 (.014); .043 .970 (.011); .046 
RFMDI .927 (.011); .100 .938 (.017); .079 .960 (.015); .051 .975 (.009); .042 
SVMRFE .918 (.031); .097 .934 (.028); .067 .943 (.035); .048 .950 (.021); .063 
BW .931 (.014); .091 .947 (.016); .063 .962 (.013); .047 .972 (.014); .044 

 
 
 
NB 

T-test .927 (.019); .090 .954 (.016); .049 .964 (.012); .046 .971 (.016); .044 

.945 (.026) 

CERPWFM .932 (.024); .077 .962 (.016); .084 .953 (.012); .083 .964 (.038); .046 
CERPMDI .928 (.025); .095 .960 (.026); .068 .952 (.015); .071 .953 (.031); .043 
RFMDA .922 (.021); .103 .947 (.031); .064 .943 (.017); .066 .952 (.022); .041 
RFMDI .943 (.029); .076 .951 (.026); .098 .953 (.025); .064 .942 (.028); .059 
SVMRFE .913 (.028); .110 .919 (.026); .076 .904 (.024); .094 .897 (.024); .106 
BW .936 (.026); .084 .965 (.028); .044 .961 (.024); .040 .940 (.016); .041 

 
 
 
kNN1  
 

T-test .943 (.023); .074 .969 (.016); .043 .965 (.024); .034 .951 (.025); .035 

.823 (.039) 
(k*=7) 

CERPWFM .929 (.009); .099 .958 (.022); .086 .978 (.020); .050 .977 (.005); .041 
CERPMDI .928 (.013); .103 .963 (.014); .070 .971 (.014); .055 .978 (.005); .044 
RFMDA .930 (.016); .106 .963 (.015); .068 .976 (.019); .043 .976 (.008); .046 
RFMDI .929 (.013); .098 .957 (.018); .078 .973 (.014); .049 .979 (.007); .042 
SVMRFE .930 (.022); .099 .952 (.031); .071 .968 (.020); .044 .978 (.018); .027 
BW .931 (.010); .093 .962 (.015); .058 .978 (.016); .041 .979 (.000); .042 

 
 
 
SC 

T-test .934 (.007); .089 .959 (.013); .067 .982 (.013); .033 .978 (.008); .043 

.956 (.011) 

1k*=1 with CERPWFM, CERPMDI, RFMDA, RFMDI, SVMRFE, BW; k*=3 with the t-test 
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Table 2:  Selected 50 genes in a learning phase of each CV from the t-test and 
Weighted Frequency Measure in CERP (CERP-WFM) and the BW ratio for the
lymphoma data based on 20 repetitions of 10-fold CV.  

 T-TEST CERP-WFM BW 
 Gene No. Gene ID Score Gene No. Gene ID Score Gene No. Gene ID Score 
1 75 GENE3939X. 200 75 GENE3939X. 200 75 GENE3939X. 200 
2 1275 GENE3326X. 200 1247 GENE3355X. 200 1275 GENE3326X. 200 
3 1276 GENE3327X. 200 1264 GENE3315X. 200 1276 GENE3327X. 200 
4 1277 GENE3328X. 200 1275 GENE3326X. 200 1277 GENE3328X. 200 
5 1278 GENE3329X. 200 1276 GENE3327X. 200 1278 GENE3329X. 200 
6 1279 GENE3330X. 200 1277 GENE3328X. 200 1279 GENE3330X. 200 
7 1280 GENE3331X. 200 1278 GENE3329X. 200 1280 GENE3331X. 200 
8 1281 GENE3332X. 200 1279 GENE3330X. 200 1281 GENE3332X. 200 
9 1291 GENE3314X. 200 1280 GENE3331X. 200 1284 GENE3335X. 200 

10 1310 GENE3254X. 200 1281 GENE3332X. 200 1291 GENE3314X. 200 
11 1315 GENE3259X. 200 1284 GENE3335X. 200 1310 GENE3254X. 200 
12 1317 GENE3261X. 200 1291 GENE3314X. 200 1314 GENE3260X. 200 
13 1320 GENE3264X. 200 1310 GENE3254X. 200 1315 GENE3259X. 200 
14 2417 GENE3985X. 200 1316 GENE3256X. 200 1316 GENE3256X. 200 
15 2438 GENE3967X. 200 1317 GENE3261X. 200 1317 GENE3261X. 200 
16 2439 GENE3968X. 200 2244 GENE1252X. 200 1320 GENE3264X. 200 
17 1284 GENE3335X. 199 2436 GENE3965X. 200 1321 GENE3265X. 200 
18 1312 GENE3258X. 199 2438 GENE3967X. 200 2244 GENE1252X. 200 
19 1314 GENE3260X. 199 3019 GENE460X. 200 2412 GENE3988X. 200 
20 1316 GENE3256X. 199 1315 GENE3259X. 199 2417 GENE3985X. 200 
21 1321 GENE3265X. 199 1616 GENE2662X. 199 2436 GENE3965X. 200 
22 2436 GENE3965X. 199 1312 GENE3258X. 198 2438 GENE3967X. 200 
23 1274 GENE3325X. 198 1320 GENE3264X. 198 2439 GENE3968X. 200 
24 2412 GENE3988X. 198 2417 GENE3985X. 198 1264 GENE3315X. 198 
25 2244 GENE1252X. 196 1314 GENE3260X. 193 1274 GENE3325X. 198 
26 1264 GENE3315X. 194 2439 GENE3968X. 193 1312 GENE3258X. 198 
27 1283 GENE3334X. 194 1274 GENE3325X. 191 682 GENE2290X. 197 
28 682 GENE2290X. 193 1321 GENE3265X. 189 1283 GENE3334X. 196 
29 2205 GENE1212X. 185 1287 GENE3338X. 182 3019 GENE460X. 193 
30 3020 GENE3608X. 184 3860 GENE1719X. 174 3020 GENE3608X. 186 
31 3019 GENE460X. 178 2437 GENE3966X. 173 3861 GENE1720X. 186 
32 3420 GENE3821X. 174 1283 GENE3334X. 165 2243 GENE1251X. 181 
33 2416 GENE3986X. 160 2412 GENE3988X. 165 2205 GENE1212X. 179 
34 2437 GENE3966X. 158 2496 GENE3618X. 165 2416 GENE3986X. 173 
35 1247 GENE3355X. 156 1144 GENE3214X. 164 1247 GENE3355X. 172 
36 2845 GENE740X. 152 1206 GENE3228X. 157 3420 GENE3821X. 167 
37 33 GENE4005X. 148 682 GENE2290X. 146 3860 GENE1719X. 167 
38 2206 GENE1213X. 148 2263 GENE1296X. 143 2437 GENE3966X. 155 
39 809 GENE2106X. 144 1267 GENE3318X. 139 2845 GENE740X. 153 
40 1144 GENE3214X. 135 3421 GENE3820X. 134 2206 GENE1213X. 135 
41 1313 GENE3257X. 130 2060 GENE2010X. 122 33 GENE4005X. 128 
42 3860 GENE1719X. 129 3020 GENE3608X. 104 809 GENE2106X. 124 
43 1319 GENE3263X. 127 1634 GENE2704X. 103 1144 GENE3214X. 119 
44 2243 GENE1251X. 126 2416 GENE3986X. 95 1319 GENE3263X. 116 
45 3861 GENE1720X. 119 2243 GENE1251X. 92 3421 GENE3820X. 116 
46 1267 GENE3318X. 114 3861 GENE1720X. 86 1313 GENE3257X. 115 
47 1289 GENE3340X. 102 3420 GENE3821X. 85 1267 GENE3318X. 94 
48 3421 GENE3820X. 99 2200 GENE1207X. 72 1289 GENE3340X. 90 
49 1268 GENE3319X. 92 627 GENE2116X. 71 1268 GENE3319X. 85 
50 1287 GENE3338X. 83 2603 GENE446X. 67 2415 GENE3987X. 85 
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Table 3:  Accuracy (sd) with FDR of a set of genes (20, 50, 100, 200 and all) from 
CERP-WFM and MDI, RF-MDA and MDI, SVMRFE, the BW ratio, and the t-test for 
kNN, DLDA, NB and SC algorithms with the pediatric AML data based on 20 
repetitions of 10-fold CV. 
Algorithms Methods 20 genes 50 genes 100 genes 200 genes All 

CERPWFM .661 (.048); .353 .665 (.044); .350 .647 (.034); .371 .649 (.033); .365 
CERPMDI .648 (.039); .365 .652 (.031); .360 .635 (.036); .385 .640 (.034); .376 
RFMDA .638 (.040); .375 .626 (.044); .389 .627 (.047); .386 .644 (.043); .370 
RFMDI .637 (.047); .379 .622 (.037); .395 .627 (.034); .388 .638 (.035); .376 
SVMRFE .576 (.066); .445 .585 (.042); .431 .581 (.036); .438 .598 (.037); .417 
BW .699 (.042); .321 .669 (.028); .336 .660 (.039); .346 .644 (.035); .365 

 
 
 
DLDA 

t-test .705 (.046); .311 .686 (.028); .324 .666 (.036); .346 .667 (.034); .338 

.627 (.043) 

CERPWFM .643 (.056); .370 .629 (.044); .381 .621 (.032); .392 .629 (.029); .377 
CERPMDI .626 (.046); .386 .623 (.035); .389 .611 (.032); .403 .613 (.032); .399 
RFMDA .594 (.050); .423 .598 (.049); .417 .643 (.062); .366 .622 (.039); .386 
RFMDI .611 (.049); .406 .605 (.042); .413 .601 (.040); .411 .610 (.035); .400 
SVMRFE .571 (.068); .448 .563 (.043); .446 .543 (.036); .481 .561 (.036); .458 
BW .682 (.049); .338 .647 (.045); .366 .637 (.032); .365 .631 (.032); .373 

 
 
 
NB 

t-test .694 (.053); .311 .659 (.030); .348 .647 (.031); .358 .637 (.035); .361 

.601 (.046) 

CERPWFM .638 (.052); .385 .578 (.055); .443 .568 (.047); .453 .576 (.056); .444 
CERPMDI .631 (.060); .391 .580 (.042); .441 .569 (.067); .454 .562 (.033); .459 
RFMDA .589 (.067); .431 .574 (.036); .445 .563 (.051); .450 .564 (.041); .451 
RFMDI .581 (.060); .439 .570 (.054); .450 .559 (.055); .459 .562 (.048); .446 
SVMRFE .516 (.052); .512 .538 (.048); .487 .550 (.055); .472 .562 (.058); .453 
BW .631 (.041); .394 .594; (.050); .428 .580 (.046); .436 .567 (.060); .455 

 
 
 
kNN1  
 

t-test .655 (.044); .368 .604 (.041); .417 .592 (.036); .429 .568 (.040); .458 

.587 (.045) 
(k*=1) 

CERPWFM .677 (.047); .326 .665 (.047); .346 .657 (.052); .353 .663 (.041); .345 
CERPMDI .662 (.043); .341 .666 (.044); .338 .644 (.048); .367 .657 (.044); .351 
RFMDA .644 (.046); .361 .636 (.048); .374 .643 (.062); .366 .651 (.046); .354 
RFMDI .645 (.047); .357 .633 (.039); .380 .633 (.044); .376 .654 (.037); .343 
SVMRFE .522 (.048); .509 .588 (.037); .422 .576 (.044); .436 .611 (.037); .391 
BW .688 (.046); .321 .662 (.087); .344 .677 (.035); .325 .683 (.030); .315 

 
 
 
SC 

t-test .707 (.050); .304 .678 (.038); .326 .676 (.033); .326 .676 (.037); .325 

.663 (.034) 

1k*=1 with SVMRFE; k*=3 with CERPWFM, CERPMDI, RFMDA, RFMDI; k*=5 with BW, the t-test 
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Table 4:  Selected 20 genes in a learning phase of each CV from the t-test (T-TEST)
and Weighted Frequency Measure (WFM) in CERP and the BW ratio for the pediatric 
AML data based on 20 repetitions of 10-fold CV.  

 T-TEST CERP-WFM BW 
 Gene No. Probe set ID Score Gene No. Probe set ID Score Gene No. Probe set ID Score 
1 2230 X36330_at 200 2230 X36330_at 200 629 X31870_at 200 
2 2416 X36902_at 200 2416 X36902_at 200 1790 X35177_at 200 
3 2441 X36963_at 200 3231 X38789_at 200 2230 X36330_at 200 
4 3130 X38622_at 200 3382 X39105_at 199 2416 X36902_at 200 
5 3231 X38789_at 200 155 X143_s_at 196 3130 X38622_at 200 
6 3014 X38354_at 199 2353 X36684_at 196 3231 X38789_at 200 
7 3382 X39105_at 199 1827 X35261_at 195 2441 X36963_at 199 
8 4057 X40861_at 199 2473 X37012_at 193 3014 X38354_at 199 
9 3633 X39758_f_at 198 3633 X39758_f_at 193 3382 X39105_at 199 

10 629 X31870_at 197 474 X262_at 188 4057 X40861_at 199 
11 1790 X35177_at 197 1025 X32869_at 174 3633 X39758_f_at 198 
12 3612 X39724_s_at 197 4513 X509_at 169 1771 X35132_at 197 
13 3391 X39122_at 196 629 X31870_at 158 286 X1718_at 194 
14 155 X143_s_at 195 2441 X36963_at 157 3391 X39122_at 194 
15 286 X1718_at 195 570 X31627_f_at 151 2235 X36338_at 193 
16 2235 X36338_at 193 3130 X38622_at 151 3612 X39724_s_at 192 
17 220 X1581_s_at 191 286 X1718_at 145 155 X143_s_at 190 
18 1771 X35132_at 187 2134 X36111_s_at 143 1417 X34046_at 190 
19 1417 X34046_at 185 3466 X39345_at 141 220 X1581_s_at 184 
20 474 X262_at 184 3344 X39043_at 135 474 X262_at 179 
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Table 5:  Performance of combined gene selection methods using selected 20 genes
from the t-test and CERP via an internal cross-validation for the pediatric AML data. 
Since the selected genes from the t-test and the BW ratio are the same, only the t-test is 
reported.  DLDA classification algorithm is used for illustration. PPV and NPV stand
for positive and negative predictive values, respectively. 

 #genes Accuracy Sensitivity Specificity PPV NPV 
T 20 .827 .866 .793 .789 .869 
C 20 .856 .884 .830 .823 .890 

T ∩ C 11 .855 .852 .857 .842 .867 
T U C 29 .841 .862 .821 .812 .870 

(T-C) U (C-T) 18 .792 .860 .730 .740 .854 
T: Set of genes selected by the t-test 
C: Set of genes selected by CERP 
T ∩ C: Common set of genes selected by the t-test and CERP 
T U C: Combined set of genes selected by the t-test or CERP 
(T-C) U (C-T): Combined mutually exclusive set of genes selected by the t-test or CERP 
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Figure 1.  A Venn diagram for selected 50 genes for the lymphoma data. Gene 
IDs are listed in the diagram. 
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Figure 2.  A Venn diagram for selected 20 genes for the pediatric AML data. 
The probe set IDs are listed in the diagram. Since the t-test and BW share 
common genes, the T-test and BW are combined in the diagram. 


