
Training Set Data Processing

Gene expression microarray data were obtained from three separate groups: Singh et al (3), Yu et al (4), and 

Lapointe et al (5).  The former two datasets were used for training our model while the third served as a validation 

dataset. Singh et al and Yu et al tested malignant prostate tissue using the Affymetrix (Santa Clara, CA) 

U95arrays, whereas Lapointe et al used spotted cDNA arrays.  Aggressiveness was classified by either two 

successive PSA values >0.2 ng/ml post-prostatectomy (3) or by having the following: extracapsular invasion, 

increased PSA value post-prostatectomy or distant metastasis (4).  8 of 21 tumor samples in Singh et al dataset 

were aggressive, while 26 of 58 were deemed aggressive in the Yu et al dataset. Raw expression data in Singh et 

al and Yu et al datasets were normalized.  First, a Robust Multichip Average (RMA) algorithm was applied 

providing intra-dataset consistency between samples.  Data threshold was then set to the 99th percentile and 

least squares normalization applied.  Following this the arrays were medianized whereby a theoretical ñmedian 

arrayò was constructed from the median expression value of each gene across all samples within each dataset.

Quality Score

The gene list from both Yu et al and Singh et al. was ranked by an Sx quality score (6) as a measure of the of 

the ability of each gene to distinguish non-aggressive (NA) from aggressive (A) prostate

cancer.  The Sx quality score for each gene is defined as                            where µNA and µA are the mean

expression values of the particular gene across all NA and A samples, respectively, and ůNAand ůArepresent the 

corresponding standard deviations of the expression values.  

Ordered Gene List (OGL) Analysis

The 46 genes with highest weighted average Sx values (                             ) that were shared among the top 

1000

quality genes of  each dataset (500 aggressive and 500 non-aggressive) from each dataset were selected using 

Excel (Microsoft, Redmond, WA).
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Although prostatic adenocarcinoma (PCa) in most men follows an indolent course, a 

subset of tumors behave aggressively leading to rising levels of prostate specific 

antigen (PSA) in the serum after treatment (biochemical failure), metastasis and 

death.  Methods to distinguish biologically aggressive from non-aggressive PCa

represent a major challenge, particularly based on small core needle biopsies (CNB). 

Tumor stage and grade are of particular importance for prognosis and therapy 

selection.  Grading on biopsies is subject to considerable error: the frequency of 

undergrading on CNB (relative to grade assigned on subsequent radical 

prostatectomy [RP] specimens) has been estimated to be as high as 42% (1). 

Reliable molecular markers that may predict aggressive clinical course of PCa

following CNB are needed to better triage patients for therapeutic management.  For 

example, patients with tumors likely to be non-aggressive may be managed by 

minimally invasive therapies or careful observation protocols, whereas patients with 

prostate-confined but aggressive tumors may be best treated by prostatectomy.

We have used publicly available RNA expression microarray datasets of gene 

expression in aggressive and non-aggressive prostate tumors, and a method of 

Ordered Gene List (OGL) analysis, to identify genes whose expression levels are 

consistently (across datasets) associated with aggressiveness vs. non-

aggressiveness. Using n-gene weighted voting algorithms, we validated the utility of 

OGL-identified markers to predict aggressiveness using an independent RNA 

expression microarray dataset of aggressive and non-aggressive tumors.  

Background: Prostate cancer is heterogeneous with respect to clinical outcome. A minority of patients have 

clinically aggressive disease resulting in biochemical failure (rising serum prostate specific antigen levels following 

postoperative low nadir), whereas the majority of patients have non-aggressive disease. Validated molecular 

markers that may predict aggressive clinical course following prostatectomy are needed.

Design: We have used publicly available RNA expression microarray datasets and a method of Ordered Gene 

List (OGL) analysis to identify genes whose expression levels are consistently (across datasets) associated with 

aggressiveness vs. non-aggressiveness. Using n-gene weighted voting algorithms, we tested the utility of OGL-

identified markers to predict aggressiveness using an independent RNA expression microarray dataset.

Result: We found that an 11 gene signature model, based on expression of genes CASR, ACPP, GADD45B, 

ADFP, ALDH1A2, ADAM9, CCPG1, HOXC6, IQCK, IGF1 and PAGE 4, predicted aggressive vs. non-aggressive 

prostate cancer with 86 % accuracy (p=0.0014, based on Fisher's exact test), was 86% sensitive for detecting 

aggressive disease. Among our 11 gene signature are genes whose expression levels were previously 

demonstrated to be associated with high grade and/or aggressive prostate cancer.

Conclusion: Our findings further establish that gene signatures may be predictive of aggressive clinical course 

following prostatectomy. Further studies of the correlation between expression levels of these 11 genes and 

clinical outcome are required to establish whether tests based on expression of these genes may be clinically 

useful in identifying aggressive prostate cancer.
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Ordered Gene List (OGL) Analysis Identified 46 Genes 

consistently (across datasets) associated with 

aggressiveness (red) vs. non-aggressiveness (blue)

(Ranked by Sx value in Yu et al dataset)

Ordered Gene List (OGL) Analysis Identified 46 Genes 

(Ranked by Weighted Average Sx value in both datasets)

11 genes

We developed our prediction model using two training datasets (3,4). This n-gene model was 

analyzed for its ability to classify aggressiveness within the same datasets.  In addition, the model 

was also validated through the use of a third dataset (5).  Measurements of accuracy, sensitivity, 

specificity, negative predictive value (NPV), and positive predictive value (PPV) were calculated for 

the n-gene model (n=1,2,é,50) for each dataset.  To select the most relevant clinical model, genes 

were sequentially added to identify the single n-gene model that maximized the NPV within a 

reasonable amount of genes.  NPV and PPV were calculated under the assumption that a positive 

test result was defined by a prediction of aggressiveness and a negative test result was defined by 

a prediction of non-aggressiveness.  The maximum NPV occurred at 11 genes (75.0%, Yu), 11 

genes (94.7%, Lapointe), and 9 genes (100.0%, Singh) (slide 3), which gave optimal stats.  

Negative predictive values were consistent from 13 to 20 genes, motivating our selection for a 11-

gene model.

Our  11-gene model successfully identified aggressive tumors in 7 out of 8 samples from the Singh 

dataset (87.5% sensitive), 17 out of 24 samples from the Yu dataset (70.8% sensitive), and 6 out of 

7 samples from the Lapointe dataset (85.7% sensitive).  The model also successfully identified non-

aggressive tumors in 10 of 11 samples from Singh (76.9% specific), 24 of 31 samples from Yu 

(70.6% specific), and 15 of 16 samples from Lapointe (71.4% specific).  Our model reached a 

prediction accuracy of 81.0%, 70.7%, and 75.0% for Singh, Yu, and Lapointe, respectively).

Heat maps depicting the deviation from the geneôs mean expression values.  Geneôs whose SX is 

positive are expressed at higher levels in non-aggressive tumors, while genes whose SX is negative 

are expressed at higher levels in aggressive tumors.  This fact is evident by the trend in color 

change between sample class.  For example, CASR and HoxC6 are opposite color trends since 

their SX values are negative.  Table A refers to the genes included in the 11-gene model. 

Using Fisherôs Exact Test, we determined that the 11-gene modelôs prediction was significantly 

associated with prognosis in the training datasets (Singh: p=0.0067; Yu: p=0.0020).  The model was 

further validated using the Lapointe dataset (p=0.0132).
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RNA Expression Validation Study

To validate the predictive power of genes identified through the OGL method, a weighted voting 

algorithm developed by Golub et al (5) was utilized.  A vote (vi) based on the expression level of 

each gene (gene i) to predict aggressiveness or non-aggressiveness of the particular tissue.  The 

vote, vi, is defined as                               where xi is the gene expression value for the sample and

(µNA + µA)/2 is the average of the expression between the two groups.  

We used an n-gene model to assess the optimal number of genes to include in our predictive model 

(5).  A directional vector towards aggressiveness or non-aggressiveness was constructed by a 

summation of votes for n genes as follows:                      where n is the number of genes included

in the model and w is the weighting factor (the Sx value associated with each gene).  The sum, V, is 

positive or negative, indicating the n-gene modelôs prediction of aggressiveness or non-

aggressiveness, respectively.  

To assess the validity of our model, it was applied to a third dataset from Lapointe et al (4).  This 

group examined microarray expression data from 112 normal, malignant, and metastatic frozen 

tissues.  Aggressiveness was defined as >0.07 ng/ml rise in PSA or metastasis.  Using previously 

generated ordered gene list of 50, we created an n-gene weighted voting model with the normalized 

cDNA validation data.  The weighting factor, wi, was designated by the  from the training datasets.  

The term (µNA + µA)/2 was calculated from the validation dataset.  Statistical significance of the 

class prediction by each n-gene model was calculated using Fisherôs Exact Test [6].

Validation of Genes Identified through the (OGL) Method:

An 11 Gene Signature Optimally Distinguishes 

Aggressive from non-aggressive tumors in a validation 

RNA microarray dataset
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Molecular markers of prostate cancer aggressiveness may be best implemented using immunohistochemistry (IHC).  We 

are preparing to perform a case-control tissue microarray (TMA)-based validation study of IHC markers as predictors of 

PSA biochemical failure after prostatectomy, controlling or adjusting for tumor stage and grade, preoperative PSA levels, 

and patient age.  A statistical power calculation, based on our preliminary IHC data, indicates that 102 failures and 204 

case-matched non-failures will be required to achieve 90% power for IHC validation studies.  We are currently collecting 

cases and data for these TMA validation studies.  As a preliminary study, we have begun by arraying 37 prostate cancer 

cases for which we have defined tumor aggressiveness more broadly than PSA failure, to include 18 cases having PSA 

failure or stage ÓT3 or lymph node metastases or positive surgical margins.  The remaining 19 cases were non-

aggressive by this definition.  We performed IHC stains for three proteins (ACPP, IGF1, HOXC6), quantified expression 

using an Aperio ScanScope (Vista, CA) whole slide scanner and Positive Pixel Count software (Aperio), and comparing 

aggressive versus non-aggressive tumors using t-test analysis.  In validation of RNA data, ACPP was lower in aggressive 

tumors than in non-aggressive tumors.
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