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Abstract 

 The translational potential of diagnostic and prognostic platforms developed 

using microarray technology is evident given the significant number of array-based 

studies describing clinically-relevant molecular subclasses of disease. However, the 

majority of array-based diagnostics have yet to make their way into the clinical 

laboratory. Current approaches tend to focus on development of multi-gene classifiers of 

disease subtypes, but very few studies assess the translational potential of these assays 

with the clinical laboratory in mind. Likewise, only a handful of studies focus on 

development of approaches to optimize array-based tests for the ultimate goal of clinical 

testing utility.  Prior to translation into the clinical setting, molecular diagnostic 

platforms should demonstrate a number of characteristics to ensure optimal and 

efficient testing and patient care. Assays should be accurate and precise, technically and 

biologically robust, and should take into account normal sources of biological variance 

that could ultimately affect test results. The overarching goal of the research presented 

in this dissertation is to develop methods for evaluating and optimizing the translational 

potential of molecular diagnostics developed using expression microarray technology. 

 The first research section of this dissertation is focused on our evaluation of the 

impact of intratumor heterogeneity on precision in microarray-based assays in breast 

cancer. We conducted genome-wide expression profiling on 50 needle core biopsies 



 

v 

 

from 18 breast cancer patients.  Global profiles of expression were characterized using 

unsupervised clustering methods and variance components models. Array-based 

measures of estrogen (ER) and progesterone receptor (PR) status were compared to 

immunohistochemistry. The precision of genomic predictors of ER pathway status, 

recurrence risk, and sensitivity to chemotherapeutics were evaluated by interclass 

correlation. Results demonstrated that intratumor variation was substantially less than 

the total variation observed across the patient population. Nevertheless, a fraction of 

genes exhibited significant intratumor heterogeneity in expression.  A high degree of 

reproducibility was observed in single gene predictors of ER (intraclass correlation 

coefficient (ICC)=0.94) and PR expression (ICC=0.90), and in a multi-gene predictor of 

ER pathway activation (ICC=0.98) with high concordance with immunohistochemistry.  

Substantial agreement was also observed for multi-gene signatures of cancer recurrence 

(ICC=0.71), and chemotherapeutic sensitivity (ICC=0.72 and 0.64).  Together, these 

results demonstrated that intratumor heterogeneity, although present at the level of 

individual gene expression, does not preclude precise micro-array based predictions of 

tumor behavior or clinical outcome in breast cancer patients. 

 Leading into the second research section, we observed that in some cancer types, 

certain genes behave as molecular switches and have either an "on" or "off" expression 

state. Specifically, we observed these molecular switch genes exist in breast cancer as 
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robust diagnostic and prognostic markers, including ER, PR, and HER2, and define 

tumor subtypes associated with different treatment and patient survival. We 

hypothesized that clinically relevant molecular switch (bimodal) genes exist in epithelial 

ovarian cancer, a type of cancer with no established molecular subgroups.  To test this 

hypothesis, we applied a bimodal discovery algorithm to a publically available ovarian 

cancer expression microarray dataset (GSE9891:285 tumors; 246 malignant serous (MS), 

20 endometrioid (EM), 18 low malignant potential (LMP) ovarian carcinomas). Genes 

with robust bimodal expression were identified across all ovarian tumor types and 

within selected subtypes.  Of these bimodal genes, 73 demonstrated differential 

expression between LMP vs. MS and EM, and 22 genes distinguished MS from EM. 

Fourteen bimodal genes had significant association with survival among MS tumors. 

When these genes were combined into a single survival score, the median survival for 

patients with a favorable versus unfavorable score was 65 versus 29 months (p<0.0001, 

HR=0.4221). Two independent datasets (n=53 high grade, advanced stage serous and 

n=119 advanced stage ovarian tumors) validated the survival score performance. Taken 

together, the results of this study revealed that genes with bimodal expression patterns 

not only define clinically relevant molecular subtypes of ovarian carcinoma, but also 

provide ideal targets for translation into the clinical laboratory. 
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 Finally, the third research section of this dissertation focuses on development of 

robust blood-based molecular markers of decompression stress (DS). DS is defined as 

the pathophysiological response to inert gas coming out of solution in the blood and 

tissues when a body experiences a reduction in ambient pressure. To date, there are no 

established molecular markers of DS. We hypothesized that comparing gene expression 

before and after human decompression exposures by genome-wide expression profiling 

would identify candidate molecular markers of DS. Peripheral blood was collected 1hr 

before and 2hr after 93 hyperoxic, mixed-gas experimental dives (n=54). Control arms 

included samples collected 1 hour before and 2 hours after high pressure oxygen 

breathing (n= 9) and surface exercise (n=9), and samples collected at 7am and 5pm for 

time of day (n=11). Pre and post-dive expression data collected from normoxic nitrox 

experimental dives were utilized for independent validation. Blood samples were 

collected into PaxGene RNA tubes. RNA was extracted and processed for globin 

reduction prior to cDNA synthesis and Affymetrix U133A GeneChip hybridization. 

Significance analysis revealed 746 genes differentially expressed following hyperoxic, 

mixed-gas decompression exposures (permutation adjusted p-value cutoff 1.0E-4). After 

filtering for significant genes in the hyperbaric oxygen, exercise, and diurnal control 

groups, 726 genes remained. Pathway analysis demonstrated a significant portion of 

genes were associated with innate immune response (p<0.0001). A 362 multi-gene 
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signature of significant, covariant genes was then applied to the independent dataset 

and demonstrated differentiation between pre and post-dive samples (p=0.0058). Further 

investigation identified four individual, robust candidate gene markers of DS associated 

with immune and stress response. Our results showed that expression profiling of 

peripheral blood following decompression exposures, while controlling for 

experimental and normal sources of biological variance, identifies a reproducible multi-

gene signature of differentially expressed genes, primarily comprising genes associated 

with innate immune response and independent of venous bubble grade or dive profile.    

 Taken together, the research and results presented in this dissertation represent 

considerable advances in the development of approaches to guide microarray-based 

diagnostics towards the ultimate goal of clinical translation.  
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1. Background 

1.1 Expression Microarray Technology 

Microarray technology evolved from Southern Blotting, a technique used to 

detect specific sequences of DNA in a larger, complex sample.  The technique involves 

fragmentation of sample DNA, which is then attached to a substrate and incubated with 

a single-strand DNA probe. The probe will form base pairs with its complementary 

DNA sequence and bind to form a double-stranded DNA molecule. The probe is also 

radioactively or enzymatically labeled before hybridization. After washing away 

unbound probes, the hybridized probes bound to the substrate are detected by X-ray or 

chemoluminescence. Where Southern Blots use a single probe to search a complex DNA 

mixture, a DNA microarray uses thousands or millions of different probes fixed on a 

solid surface to probe a complex mixture.   

Microarrays can be used to detect specific DNA sequences when investigating 

single nucleotide polymorphisms (SNPs), and can be used to conduct comparative 

genomics between different organisms. DNA microarrays can also be used to detect 

RNA as complementary DNA (cDNA) after reverse transcription is performed, or 

complementary RNA (cRNA) following in vitro transcription from reverse-transcribed 

cDNA. This type of microarray experiment is called gene expression profiling.  With 

their ability to measure expression of hundreds or thousands of genes in a single 
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sample, microarrays have dramatically accelerated medical research by identifying 

unique gene expression patterns associated with experimental conditions, molecular 

subtypes of diseased or injured tissue, patient risk stratification, and differential 

therapeutic response. 

1.1.1 Types of Expression Microarrays  

A range of microarrays is available for conducting expression profiling studies. 

There are small, custom-designed arrays that comprise a subset of predefined genes of 

interest or pathway-specific genes, and there are larger arrays that represent thousands 

of genes or encompass the entire genome of a given organism. The type of array that is 

selected for an experiment is highly dependent on the design of a study. Some important 

considerations include genome coverage, number of samples the array is capable of 

processing, the amount of input RNA required, and relative cost. A number of different 

platforms exist and vary slightly in their design and capabilities. Several of the 

commonly used designs are described below. 

1.1.1.1 Affymetrix GeneChip Arrays 

First described in 1996, Affymetrix’s platform for expression profiling is one of 

the most commonly used technologies for gene expression analysis today1. These arrays 

utilize millions of short oligonucleotide probes for each gene target, and each oligo is 25 

nucleotides in length. Each feature, also known as a cell or spot on the array, contains 
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millions of oligos with identical sequences. Each probe is comprised of 11-20 features 

containing perfect matched (PM) oligos for a specific sequence, paired with 11-20 

adjacent features containing mismatched (MM) oligos as controls. The mismatch is at the 

center position (the 13th position) of the 25 base oligos. The group of probes 

corresponding to a given gene or small group of highly similar genes is called a 

probeset. The probeset ultimately spans the target sequence and covers approximately 

600 base pairs. 

 Probes are synthesized using a process called photolithography. This method 

consists of building each oligo one nucleotide at a time, utilizing a series of masks to 

“hide” certain oligos from receiving a particular nucleotide at any one step which allows 

for efficient and accurate production of arrays that are consistent. Affymetrix offers 

formats covering a wide arrange of organisms, many of which provide full genome 

coverage. In general, total RNA sample volume needed for an Affymetrix array ranges 

between 500ng-10 µg. Each array cartridge is capable of running a single sample, 

allowing for flexibility in experimental design.  

1.1.1.2 Agilent Microarrays 

After becoming independent from Hewlett-Packard (HP) in 1999, Agilent 

quickly became the second largest microarray provider after Affymetrix.  Agilent offers 

numerous gene expression arrays ranging from barley to human, full genome to custom 
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designed arrays, and one-color (single sample) or two-color (multiple samples, same-

chip comparison) detection systems2.  

Agilent’s platform uses an in situ method to synthesize the oligonucleotide 

probes that are typically 60 nucleotides in length. The longer length of the probe 

enhances binding interaction specificity, which helps to increase signal to noise ratios. It 

also allows for only one probe for each target gene. The required range on input sample 

RNA is between 0.2-5µg. 

1.1.1.3 Illumina BeadArrays 

Released in September of 2003, Illumina launched a novel gene expression array 

featuring BeadArray technology. This technology is based on self-assembling 3 micron 

silica beads3. These beads form an array that has a uniform spacing of approximately 5.7 

microns between microwells. Each bead is covered with hundreds to thousands of 

copies of the oligonucleotide sequence specific to any given gene. These oligos are 

approximately 50 nucleotides in length and are attached to the bead by an address 

sequence that allows for mapping and decoding of the array. Because of the small 

feature size, each array also has an average 30-fold redundancy for each sequence. Each 

bead carrying a specific probe is present on the array approximately 30 times, allowing 

for increased accuracy of measurements.  
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In contrast to Affymetrix’s single array format and similar to Agilent’s two-color 

arrays, the Illumina array is arranged in a multi-sample format and utilizes two color 

detection for same-chip comparison. Total sample volume required is approximately 50-

100ng total RNA.  

1.1.2 Expression Microarray Experimental Design 

1.1.2.1 Experimental Protocol 

Regardless of the specific array used, the general protocols are comparable when 

it comes to sample preparation and processing for expression microarray experiments. 

RNA is first isolated from samples of interest. While RNA can come from any cell, 

heterogeneity of cells, tissue or blood may lead to results that reflect changes in the 

composition of the sample rather than changes due to the experimental condition. For 

this reason, statistical powering, inclusion of proper control samples, standardized 

experimental conditions, and use of replicates (biological and technical) are imperative 

for developing reliable expression study results. 

Following extraction, reverse transcription (to create cDNA) and labeling of the 

RNA samples is performed4. For glass and silicon substrate arrays, labeling often 

involves incorporating fluorescent dye that has been linked to a DNA nucleotide. Some 

protocols, such as Affymetrix's, call for an amplification of the RNA and labeling of the 
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RNA itself1. Platforms using nylon membranes, which are rarely used in comparison 

with glass and silicon substrate arrays, often use radioactive labels5. 

The labeled target is then hybridized to the microarray. This process consists of 

incubating the microarray in a solution containing the labeled target. During this 

incubation period, a given target has time to ‘locate’ and bind to its complementary 

oligonucleotide probe. This process is conducted at a specified temperature (array 

dependent) to minimize non-specific binding of target to probes on the microarray. 

Following incubation, the microarray is then washed in different salt and detergent 

concentrations to further minimize non-specific binding and to remove unbound probes.  

Scanning of the washed microarray then evaluates how much of the target is 

bound to the DNA probes on the microarray. Microarrays using fluorescent dye labels 

are scanned by using a laser to excite the label. The fluorescent dye absorbs light at a 

lower wavelength and emits light at a higher wavelength. The emitted photons are 

captured using lenses to focus the light, and a photo multiplier tube to quantitate how 

many photons are being captured. The resulting intensity values for that section of the 

microarray are translated into an image file. These images are analyzed by finding a 

spot, identifying the corresponding probe, and generating a relative expression value for 

each probe.  
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Given the variety of experimental types that utilize expression microarray 

technology, there is no standard experimental design for microarray studies.  However, 

general principles of scientific methodology apply when designing an expression 

microarray experiment. Sample collection, RNA processing, and hybridization 

conditions must be similar. Different conditions such as sample handling, RNA 

preservation medium, or hybridization protocol can introduce systematic biases and 

make it more difficult to detect true biological differences. Standardization of conditions 

throughout the entire experiment will reduce noise in the dataset and yield a greater 

degree of discoverability in the resulting microarray dataset. 

1.1.2.2 Statistical Powering 

Like any scientific study, statistical powering is also an important consideration 

when designing a microarray experiment. Inclusion of more samples allows for 

developing a more reliable estimation of variation (technical and biological) inherent to 

the dataset. There are no established guidelines for how many samples should be used 

in a given experiment, but studies expecting large differences (> 2.0 fold) between two 

conditions typically require fewer samples than those expected to detect smaller 

differences or a larger number of significant genes to identify true differences between 

experimental conditions. The number of samples is also dependent on the magnitude of 

variability in the samples population. Studies incorporating genetically identical animal 
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models will require fewer samples than studies of human tissue. For studies with 

smaller sample sizes, the use of biological and technical replicates to provide more 

accurate estimates of variance will also improve the strength of the results.  

The use of more samples also means the ability to analyze data with permutation 

tests. Permutation testing assesses the effect of noise on a given dataset and establishes 

significance thresholds based on the discoverability of a dataset6. Compared to other 

statistical methods used to address the possibility of false discovery in microarray data, 

permutation testing provides dataset –specific estimates of false discovery.  

1.1.2.3 Sample Pooling 

Pooling of individual samples is a commonly used approach, particularly when 

RNA quantities are low for particular samples and are insufficient for hybridization. The 

pooled samples are then used to make replicate arrays, with the thought that the 

replicates will provide proper estimates of variance in the resulting data. However, this 

approach assumes that all genes follow a normal (or Gaussian) distribution pattern. 

While this is true for some genes, there are often outliers in certain disease conditions. It 

is easier to detect the unique expression pattern of these genes if individual samples are 

hybridized.  Genes identified as differently expressed between two groups of pooled 

samples could be highly expressed in just one individual sample that skews the overall 

measurement. There are also genes that follow discontinuous, or bimodal, patterns of 
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expression7. If samples demonstrating low versus high expression are combined, the 

resulting pooled sample will not reveal the true expression distribution in the dataset. 

Pooling of samples does not allow for assessment of individual variability in normal, 

experimental, disease, or injury conditions. Investigation of this variability often 

uncovers underlying differences in response or disease subtypes that were previously 

unknown. 

1.1.3 Statistical Analysis of Microarray Data 

For all microarray platforms, the primary data output for an experiment is in the 

form of an image file. There are a variety of statistical approaches to transforming this 

image into quantitative gene expression data and analyzing the resulting data for 

biological significance. The description of methods below is not intended to be an 

exhaustive summary of all approaches, but provides an overview of commonly used 

statistical methods for quantifying and analyzing microarray-based expression data. 

1.1.3.1 Microarray Data Preprocessing 

Data preprocessing entails ‘reading’ data from the microarray and transforming 

it into quantitative levels of gene expression. While there are many similarities in 

preprocessing among different arrays and their corresponding analytical software, 

specifics of the most commonly used expression microarray, the Affymetrix GeneChip , 

will be described as an example8. After GeneChip scanning, a Data File (.DAT file) is 



 

10 

 

generated as the primary data file for each array. This file comprises a table with raw 

fluorescence measurements and feature identities for each pixel of the scan. Each .DAT 

files contains output data for 409,600 features, which are areas on the array containing a 

population of oligonucleotide probes with the same sequence. From the .DAT file, a 

.CEL file is then generated for each array. The .CEL file contains summary data based on 

the fluorescence readings of each feature. Processing of .DAT files to .CEL files is 

conducted with Affymetrix GeneChip Operating Software (GCOS) or the recently 

released version, Affymetrix GeneChip Command Console Software (AGCC) . In GCOS 

and AGCC, quantification of the raw fluorescence data involves locating the centers of 

each feature based on mapping, then summarizing the numerical pixel values in the 

center of the feature and around it (considered as background).  

1.1.3.2 Microarray Data Normalization 

Data from the 22 to 40 features for each probe must then ultimately be 

transformed to a single expression estimate of the target gene. Before analyzing data that 

can be compared across multiple samples, the raw data must be normalized. 

Normalization adjusts the data for potential sources of processing or hybridization 

variance, such as differences in RNA quantity or quality, labeling, or scanning. The most 

commonly used normalization approaches include Microarray Suite 5.0 (MAS5) and 

Robust Multichip Average (RMA). MAS5 was developed by Affymetrix and applies the 
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Tukey Biweight algorithm to determine probeset intensities based on PM/MM ratios9,10. 

Data are then normalized by picking specific regions on the GeneChip   and adjusting 

signal intensities for each probe to calculate a final probeset expression value. MAS5 is 

conducted on an individual array basis, so data from other arrays do not inform the final 

MAS5 expression output. RMA, on the other hand, does not take advantage of mismatch 

features11.  After adjusting for background noise, RMA performs quantile normalization,  

log2 transforms the data, and summarizes multiple probes into one probeset intensity. 

Quantile normalization involves matching up values across all the arrays so that the 

smallest value on each array is identical, the second smallest is identical, and so forth. 

RMA ignores MM features because it is believed incorporation of these features creates 

exaggerated variance in the dataset. Both MAS5 and RMA can be conducted using a 

variety of software programs (including Affymetrix Expression Console) or statistical 

script. 

1.1.3.3 Quality Analysis of Microarray Data 

Array quality metrics can be assessed by several factors incorporated in the 

microarray platform. Specific to the majority of Affymetrix arrays, β-actin and GAPDH 

are used to assess both RNA sample and assay quality1,8. Signal values of the 3’ probe 

sets for β-actin and GAPDH are compared to the signal values of the corresponding 5’ 

probe sets. In normal conditions, the 3’-5’ ratio is generally no more than 3.0.  A high 3’ 
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to 5’ ratio may indicate 1) starting RNA was not of full length (degraded), 2) mRNA may 

not have been fully converted to cDNA during reverse transcription, or 3) cDNA was 

not properly converted to labeled cRNA during the in vitro transcription/biotin labeling 

reaction. 

Another quality metric is termed ‘Percent Present’, and it denotes the number of 

probes detected relative to the total number of probe sets on the array. Percent present 

values can vary depending on cell or tissue type, disease or environmental process being 

studied, and overall RNA quality. Replicates or samples being compared should have 

similar percent present values.  

Prior to data analysis, principal component analysis (PCA) can also be used to 

identify potential batch effect inherent to the dataset. Noise in the dataset can often be a 

larger source of variance than biologically meaningful differences, meaning the potential 

for false discovery based on noise, or inability to detect meaningful differences, is 

possible. PCA is a type of covariance analysis that reduces the dimensionality of an 

experiment containing thousands or millions of data points12. PCA will generate the top 

principal components, which essentially capture the largest amount of variance present 

in the dataset. If PCA conducted on all probesets (including array-based control 

probesets) demonstrates distinct clusters of samples when the top principal components 

are graphed as a scatterplot, and these clusters cannot be attributed to biological 
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variation (i.e. experimental group), there is likely a source of  non-biological noise in the 

dataset and this should be taken into account prior to significance analysis. 

1.1.3.4 Analysis of Differential Gene Expression 

The method chosen for investigating differential gene expression between 

classes, once again, is highly dependent on the experiment itself. Student’s t-test (or 

variations of the test) is a common approach to assessing which genes have different 

expression between groups. Fold change is also a commonly used approach for 

identifying differentially expressed genes. While the t-test answers the question ‘Is the 

expression of this gene different between two groups?’, fold change answers the 

question ‘How large is the difference of this gene’s expression between two groups?’. 

The Microarray Quality Control (MAQC) working group suggested using a non-

stringent combined p-value and fold change13. However, combined use of these two 

statistics has been questioned in recent literature and a recent study by Zhang et al 

addressed the idea that fold-change and t-test are built on contradicting assumptions14. 

They present the idea that fold change assumes all genes have a common variance, but t-

statistic assumes variance that is gene-specific. Their results demonstrate that 

Significance Analysis of Microarray (SAM) results improved estimations of significantly 

expression genes between groups when compared to the combined t-test/fold-change 

approach. SAM is a recently developed approach in determining differential gene 
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expression. It incorporates permutation testing to account for false discovery and then 

computes a statistic (similar to fold change) which measures the strength of the 

relationship between gene expression and a condition15. 

The issue of false discovery is a concern when conducting microarray data 

analysis. Each gene measured on an array is a single hypothesis being tested, so 

microarray involves testing of thousands of hypotheses simultaneously. The probability 

of identifying a gene as ‘significant’ by random chance is high, so the standard t-statistic 

cutoff of 0.05 leaves room for substantial false discovery. There are a number of 

statistical approaches to addressing false discovery, including the previously described 

permutation testing. Bonferroni adjustment is made on a per-gene basis and consists of 

dividing 0.05 by the total number of hypotheses being tested (i.e., probesets being 

measured) to establish an adjusted p-value cutoff15. While Bonferroni is a stringent 

approach and significantly reduces the chance of a false positive, it is also very 

conservative and potentially eliminates a large number of true significant genes. Other 

multiple comparison approaches, including Benjamini-Hochberg16 and Benjamini-

Yekutieli17, are less conservative than Bonferroni correction but allow the increased 

possibility of false discovery. As mentioned previously, permutation testing allows for 

dataset-specific analysis of discoverability and random noise that could potentially 

contribute to false discovery6. Unlike Bonferroni and other methods of multiple testing 
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analytical approaches, permutation analysis avoids parametric assumptions about 

individual gene distribution.  

1.1.3.5 Other Statistical Approaches to Microarray Data Analysis 

Following significance analysis, two of the most common analytical methods 

used to evaluate microarray data are PCA and hierarchical cluster analysis (HCA). PCA 

and HCA are often used to demonstrate correlation and covariance of genes and 

samples. In HCA, relatively similar clusters of sample or genes or grouped together 

based on expression18.  Each case (gene or sample) begins in a separate cluster. As 

analysis progresses, it combines the clusters sequentially based on correlation of 

expression and reducing the number of clusters at each step until only one cluster is left. 

Samples clustered together early in the analysis are more similar than those combined 

later in the analysis. 

PCA and HCA have also been used in unsupervised approaches to discovery of 

molecular subgroups. In this approach, datasets are filtered for noise or to retain genes 

with a certain standard of deviation across the dataset. PCA or HCA is then conducted 

based on all samples and the resulting gene list. Significant clustering of samples in the 

resulting PCA plot or HCA tree can potentially identify a previously unknown disease 

class, or classes, at the molecular level. 
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1.2 Translational Potential of Expression Array-Based Molecular 
Diagnostics 

The diagnostic potential of genome-wide expression profiling was realized not 

long after the technology first emerged in the mid 1990’s. The advent of a high-

throughput, data-dense laboratory technique, in which thousands of assays can be 

simultaneously conducted on a single patient sample, quickly led to an increased 

understanding of disease variability at a molecular level.  Cancer research has benefitted 

immensely from microarray technology, with many studies describing multi-gene 

signatures of diagnostic and prognostic tumor subclasses. Studies have also established 

the ability to predict a cancer patient’s prognosis, risk of recurrence, and treatment 

response based on differences in gene expression profiles. Non-neoplastic disease 

processes have similarly benefitted from expression microarray technology. However, 

there are only a handful of array-based assays currently approved for patient testing. 

While there is clear translational potential of array-based assays, there has been little 

emphasis on optimizing array-based diagnostic approaches to meet desired 

characteristics and regulatory requirements for molecular testing platforms. 

Proper clinical trial design and evaluation are essential for determining the 

potential clinical utility of a molecular diagnostic assay19. In the discovery process, 

candidate targets are first identified and evaluated in proof of principal trials for their 

association with the specific disease or injury process. For the majority of expression 
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microarray studies, the evaluation of array-based diagnostic platforms does not progress 

past this point. However, additional validation studies should be conducted using 

predefined parameters including time points, outcome measures, adjudication 

procedures, statistical powering, and control cohorts. Final analysis should not only 

evaluate test accuracy precision, but it should also address the adjunctive value of the 

candidate platform over existing diagnostic and prognostic methods in terms of clinical 

and cost-effectiveness (Figure 1). 

The ideal diagnostic assay would be technically robust and would perform well, 

regardless of processing conditions or personnel experience. A diagnostic assay should 

also provide a clear-cut result with defined thresholds, producing a binary answer (‘yes’ 

or ‘no’, ‘on’ or ‘off’). Simplicity and transparency are also ideal characteristics of a 

diagnostic platform. Complex data analysis requirements lead to an increased possibility 

of an erroneous result, which is unacceptable when providing information to guide 

patient treatment decisions.  

Prior to translation from bench to bedside, there is also a series of regulatory 

standards every molecular diagnostic assay must meet to ensure accurate and optimized 

patient testing. As summarized by the Association for Molecular Pathology Practice 

Committee in October of 2009, molecular diagnostic assays must go through 
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performance evaluation and monitoring prior to translation to validation as a clinical 

testing platform20.   

 

Figure 1: Proper clinical trial design is essential for determining the potential 

clinical utility of a molecular marker or panel of markers. (Figure originally 

published by the American Neurological Association. [Kernagis DN and Laskowitz 

DT: Epub ahead of print. 5 Aug 2011]19 

 

This rigorous evaluation includes not only verification of assay diagnostic 

accuracy and precision, but it also assesses the value of information provided by results 
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of a particular assay when compared to standard clinical testing. For modified FDA-

Approved tests or for non-FDA cleared tests (i.e. laboratory developed tests), College of 

American Pathologists (CAP) and Clinical Laboratory Improvement Amendments 

(CLIA) require that laboratories validate the performance of tests before reporting 

patient results by assessing 1) accuracy; 2) precision; 3) reportable range (clinical 

reportable range and linearity); 4) reference intervals for laboratory patient population; 

5) analytical sensitivity (lower limit of target detection, as appropriate for each 

laboratory’s protocol); and 6) efficiency or call rate for genotyping assays (for those 

assays in which a large number of samples are available). Regulatory approval of a 

diagnostic test is also essential prior to being accepted for reimbursement by public and 

private health insurance organizations.  

The goal of this dissertation research was to develop approaches to evaluate and 

optimize the clinical translational potential of array-based molecular diagnostics.  To this 

end, we started by evaluating precision of single and multi-gene predictors of breast 

cancer tumor biology and behavior21. We showed that although intratumor 

heterogeneity is present at the level of individual gene expression, it does not preclude 

precise microarray based predictions of tumor behavior or clinical outcome in breast 

cancer patients. Based on observations of estrogen receptor (ER) and progesterone 

receptor (PR) gene expression across a sample population, we realized these robust 
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diagnostic markers of breast cancer have an "on" or "off" (bimodal) expression state. 

With clinical translation in mind, we hypothesized that clinically relevant bimodal genes 

exist in other types of cancer and could provide ideal testing clinical testing targets with 

their robust “on” or “off” expression state21. To test this hypothesis, we investigated the 

presence and clinical relevance of bimodal genes in epithelial ovarian cancer. Bimodal 

analysis discovered and validated a novel, survival-significant molecular subgroup of 

malignant serous epithelial ovarian cancer. Based on our findings, we concluded that 

genes with bimodal expression patterns not only define clinically relevant molecular 

subtypes of ovarian carcinoma, but also provide ideal targets for translation into the 

clinical laboratory.  We then transitioned from solid tumor tissue to investigating 

changes in peripheral blood gene expression to identify candidate molecular markers of 

decompression stress (DS). Based on blood samples collected before and after 

experimental dives, and after controlling for potential sources of biological variance, we 

identified and independently validated a multi-gene signature of decompression stress.  

The significance of these results and future directions inherent to transitioning array-

based assays into the clinic are discussed in Chapter 5. 
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2. Intratumor Heterogeneity and Precision of Microarray-
Based Predictors of Breast Cancer Biology and Clinical 
Outcome 

This work was originally published by the American Society of Clinical 

Oncology. [*Barry WT, *Kernagis DN, Dressman HK, Griffis RJ, Hunter JD, Olson JA, 

Marks JR, Ginsburg GS, Marcom PK, Nevins JR, Geradts J, Datto MB: J Clin Oncol. 2010 

May 1;28(13):2198-206]21 

2.1 Introduction 

 Since its inception, microarray technology has provided a powerful tool to the 

research community in its ability to simultaneously measure the expression of tens of 

thousands of genes. In particular, breast cancer research has seen great benefits from this 

technology, with many studies describing multi-gene expression patterns associated 

with diagnostic and prognostic subclasses among otherwise indistinguishable tumors 1-

3. These studies have also established the ability to predict a cancer patient’s treatment 

response based on gene expression patterns 4-7. With the clear potential of microarray-

based assays to guide clinical decisions, translating these assays to the clinical laboratory 

is imperative.  

 Clinical translation requires an understanding of factors that influence the 

precision and accuracy of microarray-based assays. Chief among these factors is the 
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variability of gene expression measurements, which can be divided into a technical 

(intrinsic to the platform) and pre-analytic (intrinsic to the sample) sources of variation. 

The Affymetrix U133A Plus2.0 array platform, investigated herein, has a high degree of 

reproducibility and thus little technical variance, as established by several groups 

including the MAQC 8-12. Variance intrinsic to a sample is more difficult to control, 

particularly for solid tumor specimens where intratumor heterogeneity could result in 

significant sampling bias. Small sampling, such as needle core biopsies, can yield 

samples from the same tumor with very different histological and biological features. 

The effect of tumor heterogeneity on microarray-based assays has been evaluated in 

some cancers, although breast cancer is surprisingly understudied in this regard 13-17.  

 Here we investigate the impact of tumor heterogeneity on several microarray-

based predictors of biological behavior and clinical outcome in breast cancer patients. 

Multiple core biopsies from individual patients were evaluated by routine histology and 

tested using single-gene measurements and multi-gene signatures which would be 

integral to the routine care of the breast cancer patient, including; ER status, PR status, 

risk of cancer recurrence and chemotherapeutic sensitivity. Precision for each of these 

predictors was measured and evaluated in the context of performance expectations for 

clinical assays. 
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2.2 Materials and Methods  

2.2.1 Breast Tumor Sample Collection 

 Following patient consent, samples were obtained from breast cancer 

excisions as part of a Duke University Health System (DUHS) IRB-approved tissue 

banking and research protocol for the Duke University Medical Center (DUMC) SPORE 

project. Immediately after surgical excision, lumpectomy specimens where sampled by 

14G needle core biopsy using an imaging device to direct the needle22.  The core biopsies 

were embedded in OCT and frozen in liquid nitrogen. One 5 μm frozen section was 

prepared from each sample, stained with hematoxylin and eosin and evaluated by an 

expert breast pathologist (JG). Routine pathologic evaluation of the corresponding 

clinical specimens by the DUHS clinical laboratories included determination of ER and 

PR status by immunohistochemistry (IHC) and HER2 status by IHC in combination with 

FISH. Only HER2 negative cases with at least two frozen core biopsies containing 

neoplastic cells were included in this study. 

2.2.2 RNA Extraction  

 For all replicate samples, total RNA was extracted using a kit-based method 

(RNeasy, Qiagen, Valencia, California). RNA quality was assessed using an Agilent 

bioanalyzer (Agilent Technologies Inc, Santa Clara, California). Hybridization targets 

were prepared from 2ug of total RNA and hybridized according to standard Affymetrix 
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protocols using Affymetrix GeneChip Human U133 plus 2.0 arrays. Arrays were 

scanned on the Affymetrix GeneChip scanner and probeset expression values, percent 

present and 3’ to 5’ probeset ratios for actin and GAPDH were calculated using the 

Affymetrix Microarray Analysis Suite v5.0 (MAS5).  2.2.4 Microarray Data Preprocessing 

2.2.3 Microarray Preprocessing and Data Analysis  

 Expression estimates for the 50 DUMC tumor biopsies and for the publicly 

available breast cancer microarray datasets (GEO# GSE349423 and GSE145624) were 

obtained by robust multi-array average (RMA)25 and log2 transformed.  The ratio of 

intra-tumor variance to total variance among the DUMC biopsy specimens was 

calculated for all probesets.  Global patterns of expression were evaluated by Principal 

Component Analysis (PCA) and hierarchical clustering using average linkage of the 

Pearson correlation coefficient.    

 Predictors of ER pathway activation and of breast cancer recurrence were 

generated from previously published breast cancer microarray data sets (GEO# GSE3494 

and GSE1456 respectively), using established methodologies26.  Briefly, tests of 

differential expression were used to select gene sets strongly correlated to phenotype. 

Expression values were summarized by the top principal components and fitted to a 

Bayesian probit regression model.  Predicted probabilities are generated for these 

predictors, and for previously identified signatures of sensitivity to chemotherapeutic 



 

25 

 

agents adriamycin and docetaxel27. Binary classifications were made using thresholds 

defined a priori for each signature. 

 The precision of all signatures was evaluated using ANOVA models and the 

intra-class correlation coefficient (ICC)28. Values of ICC range from <0 to 1, have been 

characterized by Landis and Koch as indicating moderate (0.41-0.60), substantial (0.61-

0.80), and almost perfect agreement (0.81-1.00). Accuracy of the single-gene ER and PR 

predictors and the multi-gene ER pathway predictor are reported with 95% confidence 

intervals. The influence of clinical and technical covariates on precision and accuracy are 

assessed using ANCOVA models. All microarray pre-processing and analysis were 

performed in R/Bioconductor and Matlab, with graphics generated using Graphpad 

Prism and Cluster/Treeview softwares29. 

2.3 Results  

2.3.1 Characterization of Morphologic Heterogeneity in Discrete 
Samplings of Individual Breast Tumors 

 50 samples were obtained from 18 patients as part of a tissue banking and 

research protocol for the DUMC Breast Cancer SPORE.  One case had 4 replicate 

samples, 12 cases had triplicate samples, and 5 cases had duplicate samples (Table 1).  

H&E stained frozen section analysis was performed for each of these core biopsies.  The 

sample set contains a mixture of ER and PR positive and negative cases (11 ER+/PR+, 2 

ER+/PR-, 1 ER-/PR+, 4 ER-/PR-) using the diagnostic core biopsy IHC as the standard.  
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Invasive carcinoma was present in 49 samples, while one biopsy contained DCIS only.  

One set of biopsies (patient B) contained lobular carcinoma, the remaining cases were 

ductal-type carcinomas.  Invasive tumor cellularity varied from 10% to 90%.  RNA and 

microarray quality control metrics are provided in Table 1. 50 samples were obtained 

from 18 patients as part of a tissue banking and research protocol for the DUMC SPORE 

program in Breast Cancer.  One case had 4 replicate samples, 12 cases had triplicate 

samples, and 5 cases had duplicate samples (Table 1).  H&E stained frozen section 

analysis was performed for each of these core biopsies.  The sample set contains a 

mixture of ER and PR positive and negative cases (13 of 18 ER positive and 12 of 18 PR 

positive) using the diagnostic core biopsy IHC as the standard.  All but one tumor 

showed at least some component of invasive ductal carcinoma or ductal carcinoma in 

situ.  One set of biopsies (patient B) contained lobular carcinoma.  Invasive tumor 

cellularity varied from <10% to 90%.  RNA and microarray quality control metrics are 

provided in Table 1.
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Table 1: Histology, RNA and microarray quality control measures 

ID 

Histology QC RNA QC Microarray QC 

Histology Size Grad

e 

ER PR HER

2 

CA Other 

Features 

Conc 260/28

0 

260/2

30 

%P Actin GAPDH 

A1 Ductal 2.3 3 + + - 90%   0.339 2.08 2.03 54.2 1.49 1.44 

A2         80%   0.097 2.09 2.37 49.7 2.09 2.09 

A3             65%   0.162 2.09 2.08 53.9 2.04 1.77 

B1 Lobular 3.6 2 + + - 50%   0.068 2.02 2.24 53.4 1.34 1.26 

B2         85%   0.08 2.09 2.44 50.6 1.21 1.12 

B3             70%   0.068 2.11 1.86 53 1.81 1.36 

C1 Ductal 2 2 + + - 10% Biopsy site 0.042 1.98 2.39 54.3 1.49 1.14 

C2         80% Biopsy site 0.093 2.06 1.63 56 1.37 1.01 

C3             40% Biopsy site 0.07 2.04 0.84 57 1.24 1 

D1 Ductal 2.8 2 + + - 30%   0.158 2.08 2.27 55.3 1.54 1.31 

D2         50%   0.147 2.08 1.59 50.4 1.35 1.28 

D3             70%   0.182 2.1 2.22 52 1.21 1.23 

E1 Ductal 2.1 3 - - - 25%   0.269 2.08 1.82 52.7 1.17 1.03 

E2         75%   0.324 2.08 2.27 50.9 1.14 1.05 

E3             50%   0.26 2.08 2.2 53.5 1.08 1.09 

F1 Ductal/ 

Micropapill

-ary 

Multi-

focal 

2 + - - 25%   0.06 2.11 1.8 54.1 1.89 1.17 

F2         60%   0.292 2.06 2.19 54 1.19 1.13 

F3             25%   0.079 2.04 2.13 54.2 1.18 0.99 

G1 Ductal 3.4 3 - - - 70%   0.515 2.08 2.19 51.3 3.31 1.31 

G2         30%   0.076 2.03 2.39 56.1 1.13 0.98 

G3             70%   0.331 2.07 2.24 54.4 1.21 1.04 

H1 Ductal 1.6 3 - - - 30%   0.112 2.11 1.59 50.3 2.94 1.12 

H2         30%   0.096 1.92 0.92 54.1 2.21 1.09 

H3         30%   0.072 2.12 1.29 49.7 1.49 1.09 

H4             20%   0.285 2.09 1.98 49.6 6.66 1.95 

I1 Ductal/Lob

ular 

>2  2 + + - 70%   0.237 2.11 1.96 52.5 2.35 1.19 

I2         70%   0.331 2.09 2.03 51 2.17 1.15 

I3             70%   0.173 2.12 2.07 51.5 1.79 1.1 
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J1 Ductal 3.5 3 + + - 80%   0.682 2.08 1.93 49.8 3.85 1.47 

J2         80%   0.941 2.08 2.11 51.3 2.91 1.42 

J3             80%   0.561 2.07 2.17 50.8 3.49 1.57 

K1 Ductal 2.4 2 + + - 15% DCIS 0.068 2.12 1.66 51.4 1.88 1.22 

K2             75% DCIS 0.044 2.06 1.85 55 1.85 1.04 

L1 Ductal 1.3 3 + + - 0% DCIS 0.055 2.1 1.31 51.2 1.55 1.17 

L2         15% DCIS 0.083 2.11 1.84 50.7 1.39 0.92 

L3             15% DCIS 0.099 2.09 1.21 51 1.69 1.06 

M1 Ductal 1.9 2 + + - 50%   0.116 2.1 1.74 50.3 2.49 1.75 

M2         50% Necrosis 0.09 2.08 1.74 49.1 1.58 1.1 

M3             30%   0.084 2.12 1.65 45.5 2.06 1.35 

N1 Ductal 1.8 2 + + - 20%   0.077 2.14 1.8 50.5 1.57 1.19 

N2         70%   0.068 2.06 1.96 52.9 1.28 1.09 

N3             70%   0.069 2.13 0.67 51.6 1.74 1.33 

O1  Ductal  3 1 + + - 20% Carcinoma + 

Papilloma 

0.261 2.11 2.2 53.7 2 0.95 

O2             50% Carcinoma + 

Papilloma 

0.143 2.13 1.24 55.5 2.06 1.13 

P1 Ductal 0.9 3 - - - 60%   0.05 2.11 1.89 54.4 1.34 1.06 

P2             10%   0.044 2.15 1.61 56.6 1.34 1.05 

Q1 Ductal 1.8 3 - + - 70% Biopsy site 0.474 2.07 2.03 51.9 2.13 1.08 

Q2             30% Biopsy site 0.226 2.11 2.03 55.1 2.02 1.02 

R1 Ductal 2.8 3 + - - 70% Biopsy site 0.156 2.07 2.1 52.8 1.66 1.12 

R2             20% Biopsy site 0.132 2.1 2.14 52.8 2.33 1.26 

Abbreviations:  ER, estrogen receptor; PR, progesterone receptor; HER2, human epidermal growth factor receptor 2; CA, percent tumor content; DCIS, 

ductal carcinoma in situ, Conc, concentration in ug/uL ; 260/280 and 260/230, optical density ratios; %P, percent of probesets present; Actin and 

GAPDH, 3’ to 5’ probeset ratios for the Actin and GAPDH probesets respectively 
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2.3.2 Intertumor Variance Exceeds Intratumor Variance at the Level of 
Gene Expression 

 To evaluate the performance of individual features on the Affymetrix array, we 

calculated the ratio between intratumor variance and total variance for all probesets.  As 

shown in Figures 2-4, the majority of samples had an intra/total variance ratio below 0.5. 

Specifically, within the top quartile of probesets of highly expressed genes (Figure 2) 

more than 90% had an intratumor variance ratio less than one third of the total variance.  

Conversely, only 11% of genes expressed at comparatively low levels (bottom quartile, 

Figure 2) had intra/total variance ratio less than one third.  

 

Figure 2: Histograms stratified by expression level demonstrates that profiles differ 

sharply between highly and lowly expressed genes. 
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 We also found that probesets corresponding to the U133B platform generally had 

higher intratumor variability when compared to those on the original U133A array (p < 

0.0001, Figure 3), and a similar pattern was noted for probesets annotated to known 

genes as compared to unannotated probesets (p < 0.0001) . 

 

Figure 3: Histograms stratified by source demonstrate U133A probesets are generally 

more reproducible than U133 Plus 2.0-specific probesets. 
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 Plotting expression level versus ratio of intratumor variance/total variance for 

each probeset of each sample demonstrates distinct inverse relationship exists between 

expression intensity and the proportion of intratumor variance (Figure 4).   

 

Figure 4: A scatterplot demonstrates an inverse relationship between intratumor:total 

variance ratios and average expression. 

 

 To evaluate the global patterns of expression, we performed PCA and HCA on 

RMA-normalized data.  HCA of all samples, using probesets with log2 expression values 

greater than 5.0, demonstrated that replicate samples from a single tumor tended to 

group together (Figure 5). One tumor showed imperfect clustering (patient F). There 
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were no histology, RNA or array quality metrics that could account for discordance 

between samples F1, F2 and F3.  Similarly, bootstrap HCA analysis validates that 

intratumor samples cluster together at robust and statistically significant level, with the 

exception of sample F1 (again) and I1 (Figure 6).  

 

 

Figure 5: Unsupervised clustering demonstrates replicate samples have similar global 

patterns of expression. Principal component analysis-based hierarchical clustering 

shows complete segregation of replicates in 17 of 18 subjects. Letters A-R denote the 

patient; numbers represent replicate samples from each patient.
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Figure 6: Bootstrap analysis (nboot = 1000) using the R/Bioconductor package ‘Pvclust’ 

35 validates the robustness of the average correlation HCA performed on the 50 

replicate samples (Figure 10). Approximate unbiased statistics (numbers in red) verify 

that all samples cluster at a significant level except for samples F1 and I1 

(highlighted).
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 A PCA of the filtered expression data (Figure 7) demonstrates that patient 

replicates largely cluster together in the top two principal components (capturing 28% of 

the total variance in global expression), indicating that more heterogeneity is seen across 

subjects than within replicates.  

 

Figure 7: Principal component analysis of the top two principal components of all 

expressed genes demonstrates more similarity among intratumor samples compared 

to samples between tumors. Letters denote the individual patient. 

 

 Sample F discordance can be seen in the HCA dendograms in Figures 5 and 6, 

and in the unscaled PCA plot in Figure 7. One replicate from sample I demonstrated 

lower significance in clustering compared to the other two replicates in Figure 6.  This 
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can be seen in the difference in branch height on the original HCA (Figure 5), and in the 

unscaled PCA results (Figure 7). Estrogen receptor status is also captured between the 

two major branches in the HCA dendograms, and by Principal Component 1 in the PCA 

plot. 

  In summary, while most genes exhibit a low degree of intratumor variability and 

most replicate samples demonstrate similar global expression patterns, poor performing 

probesets exist and could potentially impact the precision of array based predictors of 

tumor biology or behavior.  

2.3.3 Intratumor Variance in Gene Expression Does Not Preclude 
Precise Predictions of Tumor Biology. 

 Estrogen and progesterone receptor status are two critical characteristics of 

breast cancer which define biologically distinct subgroups of disease. ER and PR status 

is prognostic of clinical outcome and often determines the course of treatment.  To 

determine the effect of intratumor variance on array-based assessments of hormone 

receptor status, we began by evaluating single-gene predictors of ER (probeset 

205225_at) 30 and PR expression (probeset 208305_at).  Expression levels of 205225_at 

demonstrated almost perfect agreement among the replicates samples, ICC = 0.94 (95% 

CI, 0.86-0.97) (Fig 8).  
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Figure 8: Single-gene predictors of ER and PR demonstrate high precision among 

individual patients, and agreement with IHC. 

 

 Further, using an optimal binary classification (threshold of log2 = 9.6 to 

maximize accuracy), only one patient showed discordance with IHC (Sens = 1.0, 95% CI 

0.90-1.0; Spec = 0.88, 95% CI 0.62-0.98).  A single probeset for the PR gene, 208305_at, also 

showed near perfect agreement among replicates, ICC = 0.95 (95% CI, 0.89-0.98), but 

with an optimal binary classifier (threshold of log2 = 5.2 chosen to maximize accuracy) 

greater disagreement was noted between PR expression and IHC results.  While all 
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samples from the 6 PR- patients were classified correctly (Sp = 1.0, 95% CI 0.80-1.0), 

samples from 5 out of the 12 PR+ were discordant with IHC (Se = 0.64, 95% CI 0.45-0.80).   

 We next created a multi-gene predictor of ER pathway activation from a 

previously published breast cancer Affymetrix U133A microarray data set (GEO# 

GSE3494). This data set was filtered to retain probesets with mean log2 expression values 

> 5.0 for the 247 ER-annotated patient samples 23.  The ER predictor was based on 1022 

probesets identified by a Wilcoxon rank-sum test with Bonferroni correction (adjusted p 

< 0.05), with intentional exclusion of probesets for estrogen receptor itself (Appendix A).  

The large number of differentially expressed genes highlights the distinct biological 

characteristics of these different tumor types.  A predictor of ER pathway status was 

generated by applying the top principal component of expression from the 1022 

probeset list to a Bayesian probit regression model.  Under leave-one-out cross-

validation and a non-informative prior threshold of 0.5, the model classified 91% of the 

ER- samples and 85% of the ER+ samples by IHC correctly (Figure 9).  
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Figure 9: A multi-gene predictor of ER pathway activation generated from an 

independent dataset of 247 patients 

 

 Applied prospectively to the breast cancer replicate dataset with an optimal 

threshold of 0.45 (Figure 10), the model showed near perfect precision, ICC = 0.98 (95% 

CI, 0.95-0.99) and 96% accuracy identical to the single-gene model.  Taken together, this 

data shows that when assaying a robust biological property of breast cancer such as ER 

status, intratumor variance does not preclude precise predictions from microarray data. 
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Figure 10: The ER multi-gene predictor demonstrates high precision and agreement to 

IHC in the breast replicate dataset. Discordant or inaccurate samples plotted in black. 

 

2.3.4 Intratumor Heterogeneity Does Not Preclude Precise Predictions 
of Clinical Outcome 

 A prognostic model for death attributed to breast cancer was generated from 

expression data from a previously published dataset (GEO# GSE1456, N=159)24.  

Probesets associated with survival were identified using a Cox proportional hazard 

model and the Benjamini-Hochberg method for controlling false discovery rates (FDR) 

31.  A total of 205 probesets (representing 184 genes) were identified with a FDR < 0.01.  

These probesets contain an overrepresentation of genes involved in cell cycle (20 genes, 
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p<.0001), cytokinesis (7 genes, p = 0.004) and cellular metabolism (84 genes, p=0.004) 

(Appendix B). A binary classifier of survival was created using the first two principal 

components. The fitted model accurately stratified patients into high and low risk for 

death from disease with a threshold of 0.50 (Figure 11).  
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Figure 11: A novel multi-gene signatures for breast cancer survival demonstrates 

prognostic value by Kaplan-Meier plot and log rank tests under cross-validation in 

the training data (GSE1456, N=159). 

 

  When this genomic signature was next applied to an independent validation 

data set (GSE3494, N=315)23, it maintained the ability to identify a high risk cohort for 

survival (p=0.0069, Figure 12).   
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Figure 12: Independent validation of the multi-gene signature for breast cancer 

survival in a second dataset (GSE3494). 

 

 The precision of the prognostic genomic signature was found to be substantial, 

ICC = 0.71 (95% CI, 0.48-0.87), when applied to the replicate samples (Figure 13).  The 

patient with the most variance in recurrence risk predictions (patient F) also showed the 

poorest internal concordance by HCA and PCA analysis, suggesting that the global 

variance in expression within this tumor may have affected the precision of the risk 

predictor. 
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Figure 13: The multi-gene breast cancer survival predictor shows substantial 

agreement when applied to the replicate data set (discordant samples plotted in 

black). 

 

 Finally, we established the precision of previously published chemotherapeutic 

sensitivity predictors for adriamycin and docetaxel (Figure 14), as implemented in a 

randomized Phase II trial to direct neoadjuvant therapy 27.  A substantial level of 

agreement is observed for the adriamycin sensitivity predictor (ICC = 0.72, 95% CI 0.49-

0.88).  Further, 12 out of 18 of the patients showed complete concordance when applying 

an a priori threshold of 0.6 utilized in the clinical trial.  The docetaxel sensitivity 
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predictions showed a slightly lower level of precision (ICC = 0.64, 95% CI 0.38-0.83) with 

14 of 18 patients showing complete concordance.   

 

Figure 14: Multi-gene signatures of chemosensitivity to Adriamycin and Docetaxel 

demonstrate substantial agreement when applied prospectively to the replicate 

samples (A-R) breast cancer data set. 

 

 Under a multi-level classification of higher sensitivity to one agent or of double 

resistance (Figure 15), 13 of 18 patients showed complete concordance.  By re-sampling 

from a binomial mixture distribution, the observed agreement in the three-level 

classification was highly significant (p < 0.0001).  Variation in tumor content and QC 

measures for RNA and Affymetrix arrays were found not to be associated with the 
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discordance in the multi-gene predictors of clinical outcome (all ANCOVA p > 0.05) 

(Table 2).  

 

Figure 15: Under a multi-level classification of higher sensitivity to one agent or of 

double resistance, 13 of 18 patients show complete concordance (black) while 

discordant samples are plotted in grey. 
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Figure 16: The contribution of intratumor variance to total variance for genes included 

in each of the array-based predictors is demonstrated histogram. 

 

Figure 17: The contribution of intratumor variance to total variance for genes included 

in each of the array-based predictors is demonstrated by scatterplot for the ER 

pathway predictor.  
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Figure 18: The contribution of intratumor variance to total variance for genes included 

in the breast cancer recurrence predictor is demonstrated by a scatterplot of gene 

expression versus ratio of intratumor:total variance for each sample .   
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Figure 19: The contribution of intratumor variance to total variance for genes included 

in the adriamycin sensitivity predictor is demonstrated by a scatterplot of gene 

expression versus ratio of intratumor:total variance for each sample .   
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Figure 20: The contribution of intratumor variance to total variance for genes included 

in the docetaxel sensitivity predictor is demonstrated by a scatterplot of gene 

expression versus ratio of intratumor:total variance for each sample .   
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Table 2: Multivariate and multivariable analyses of variance for the principal 

components and the multi-gene predictors demonstrate that tumor content is not a 

confounding factor in these analyses.  

Multivariate 

ANOVA Model Source df Pillai F df1/df2 p-value 

PCA (2 dimensions) Replicate 17 1.8221 18.67 34/62 <2e-16 

 

% Tumor 

Cellularity 
1 0.0763 1.24 2/30 0.304 

 
Res. 31 

 
ANOVA Model Source df SS MS F p-value 

ER Pathway Replicate 17 5.5201 0.3247 81.3899 5.80E-21 

 

% Tumor 

Cellularity 
1 0.0021 0.0021 0.5356 0.4697 

 
Res. 31 0.1237 0.004  

Recurrence Replicate 17 1.0153 0.0597 7.7631 5.50E-07 

 

% Tumor 

Cellularity 
1 0.0345 0.0345 4.4885 0.0422 

 
Res. 31 0.2385 0.0077 

 
Adriamycin Replicate 17 3.8809 0.2283 8.2298 2.80E-07 

 

% Tumor 

Cellularity 
1 0.0249 0.0249 0.899 0.3504 

 
Replicate 31 0.8599 0.0277 

 
Docetaxel Replicate 17 1.9565 0.1151 6.0248 8.40E-06 

 

% Tumor 

Cellularity 
1 0.0292 0.0292 1.5306 0.2253 

 
Res. 31 0.5922 0.0191 

 
Abbreviations: df, degrees of freedom; SS, sum of squares; MS, mean squares; Res, residual effects. 

  

For the top two components identified in the PCA (Figure 7), a multivariate 

ANOVA test was used to evaluate the effects of subject and tumor content on the global 

patterns of gene expression (Table 2). As indicated by the Pillai-Bartlett test statistics, 

there is a strongly significant effect of subject on the summary measures (very small p-

value), while tumor content is not significant. Likewise, for the four multi-gene 

signatures under investigation (ER-pathway, Recurrence Risk, Adriamycin- and 
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Docetaxel-chemosensitivity), ANOVA models are provided with the type I sum-of-

squares test for each independent covariate. As indicated, the effect of replicates within 

subject is strongly significant, while tumor content has minimal impact on these 

signatures. 

2.4 Discussion 

 Here we demonstrate that intratumor variance at the level of gene expression 

does not preclude the development of precise microarray-based clinical prediction 

models in breast cancer. We show intertumor heterogeneity is greater than intratumor 

heterogeneity at the level of global gene expression for this breast tumor dataset. While a 

small group of genes exhibits a significant level of intratumor variation, many of these 

genes are expressed at relatively low levels and can be filtered as background noise 

when creating predictive algorithms. Finally, we demonstrate that a high degree of 

precision was seen among replicate samples when assayed using single gene predictors 

of ER and PR, and PCA-based predictors of ER pathway activation, cancer recurrence, 

and chemotherapeutic sensitivity.  

 The heterogeneous nature of solid neoplasms has been recognized and studied 

by pathologists for decades.  In the context of breast cancer, the varying presence of 

normal breast tissue, inflammatory cells, vessels, necrosis, and neoplastic epithelium 

gives rise to a variably mixed population of cells with unique or distinct biological make 
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up in any given tumor sampling.  Thus, the question has been raised as to how this 

cellular heterogeneity may affect assays typically performed for diagnostic and 

prognostic purposes in breast cancer patients including ER, PR and HER2.   

 The largest study of the reproducibility of HER2 testing was performed on 

patients enrolled in the NCCTG N9831 adjuvant trial of trastuzumab.  In this study, only 

85.8% of the 2535 patients registered in the trial had concordant results for HER2 

positivity between the local and central performing laboratories (88.1% concordance by 

FISH and 81.6% concordance by IHC)32. A similar study of ER and PR IHC 

measurements in 776 patients enrolled in ECOG 2197 showed 90% and 84% concordance 

between local and central laboratory studies for ER and PR status respectively 33. These 

studies, however, are strictly a measure of assay reproducibility; a measure technical 

variance, rather than tumor heterogeneity.   

 Discordance attributable solely to tumor heterogeneity between breast core 

biopsy and resection specimens ranges from 1.2% for ER status on the low end 34 to 14% 

for ER status and 20% for PR status on the high end 35. Discordance rates attributable to 

technique and tumor heterogeneity that develops over time was determined to be even 

higher (18.4%, 40.3% and 13.6% for ER, PR and HER2 respectively) when comparing 

primary tumors and their corresponding metastatic lesions 36.  The low discordance rates 
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(0% in this study) of our array based predictors of ER and PR status are at least 

equivalent to the good of performance these traditional techniques. 

 While the effect of tumor heterogeneity and technical variance on ER, PR and 

HER2 testing has been well studied, very few studies have examined the effect of tumor 

heterogeneity on multi-gene predictive algorithms. A study comparable to the one 

presented here reached similar conclusion using a 48 gene taqman-based assay 37.  This 

study showed high concordance among 3 replicate sampling for 12 breast cancer 

patients. A similar study examining the contribution of technical variance to the 

reproducibility of microarray-based assays in breast cancer, demonstrated that gene 

expression-based signatures developed from replicate experiments among 35 patients 

resulted in precise predictions of breast cancer chemotherapeutic responsiveness 38.    

 To our knowledge, our work is the first to demonstrate the impact of intratumor 

heterogeneity on the precision of multi-gene predictive models focused on tumor 

behavior.  Precision is an integral component of clinical testing that is often overlooked 

in the early stages of translational research.  Accuracy always seems of primary interest 

at that stage.  However, our data suggest that a lack of accuracy in microarray-based 

assays may in fact be caused by a lack of precision, particularly for more indirect 

measures of tumor behavior (e.g. chemosensitivity or recurrence).  For these more 

abstract measures, a lack of precision may be attributable to true differences in tumor 
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micro-environment.  This is supported by our finding that the genes in these complex 

predictors tend to show higher intratumor variance (Figures 16-20).  In fact, there is a 

direct correlation between each predictor’s ICC and the proportion of genes with high 

intratumor variance. Our data also highlights the fact that testing of replicate samples, 

even early in the development of a microarray-based assay, can clearly differentiate 

between inaccurate and imprecise.  

 The importance of assessing performance of multi-gene microarray-based assays, 

as described here, bears on the future use of this technology as a single assay for the 

breast cancer patient that can provide not only measures of prognosis or predicted 

therapeutic response, but also supplement or replace the standard assays of ER, PR and 

HER2.  The feasibility of this approach is in part demonstrated in the present study.  

This full genome expression profile may find additional uses as assays become 

algorithms applied to expression datasets. As we move towards this, understanding the 

role of tumor heterogeneity in measures of tumor behavior and developing approaches 

and datasets (like the one provided here) to test the precision of these algorithms is 

essential.  
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3. Genes Demonstrating Bimodal Expression Patterns 
Are Robust Diagnostic Targets that Define Distinct 
Subtypes of Epithelial Ovarian Cancer with Different 
Overall Survival 

A publication of this work is currently in press in the Journal of Molecular 

Diagnostics, *Kernagis DN, *Hall A HS, Datto MB, Copyright Elsevier (2012).39 

3.1 Introduction 

 A review of the expression-based targets that are currently used to define clinical 

decision trees reveals two different classes of genes. The first class is made up of genes 

with a continuous, or Gaussian, distribution of expression. In breast cancer, Ki67 is a 

gene in this class which is predictive of survival. Across all breast cancer samples, a 

small group of tumors have very high expression of Ki67 (poor prognosis), a small 

group of tumors have very low expression (good prognosis), but most fall somewhere in 

between.40 The second class is made up of genes with a discontinuous or bi-modal 

distribution of expression. In breast cancer, examples include estrogen receptor (ER), 

progesterone receptor (PR), and human epidermal growth factor receptor 2 (HER2). For 

these genes, some tumors have high levels of expression and others have little to no 

expression, with relatively few tumors in between. These genes can be considered as 

molecular switches with distinct ‘on/off’ expression states that define clinically unique 

subtypes of breast cancer that have different overall prognoses and, most importantly, 
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respond to different therapeutic regimens.41,42 In addition to their biological importance, 

genes with bimodal expression patterns are also excellent targets for clinical testing 

given the robust and easily detectable differences between their low and high expression 

states. 

 The great majority of genome wide expression based discovery work does not 

consider these expression characteristics of a gene (bimodal vs. Gaussian, or even their 

ultimate utility as a clinical testing target), but rather starts with the clinical annotation 

of tumor samples. From this annotation (stage, survival, response to therapy), genes are 

found that correlate with some aspect of tumor behavior. Alternatively, in expression 

datasets that are large enough, unsupervised clustering approaches are used. These 

methods usually lead to models that consist of hundreds of genes and can only be 

robustly applied to other large datasets that are representative of all tumor types. In this 

work we take a very different approach. We search for genes with interesting (bimodal) 

expression patterns irrespective of clinical annotation and then determine if these genes 

have clinical utility. We apply this approach to epithelial ovarian carcinomas.  

Ovarian carcinoma has the highest mortality rate among gynecologic malignancies and 

is the fifth most common cause of cancer death in women.43 Serous carcinomas are the 

most common type of epithelial ovarian malignancy, representing 50% of total. 

Prognosis for patients with serous ovarian carcinoma is primarily determined by tumor 
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stage44, histologic grade and extent of surgical debulking in advanced cases.45 These 

prognostic methods, however, remain relatively inaccurate.46 The majority of patients 

present with high grade, advanced stage tumors, with a corresponding overall poor 

prognosis.43 Within this group, however, there is a subset with a durable response to 

chemotherapy, resulting in better survival.47  At present, there are no ancillary tests in 

general use that are able to distinguish between high grade, advanced-stage tumors that 

are likely to be rapidly progressive and those that may be more effectively treated. 

While there have been numerous studies of molecular differences among ovarian 

carcinomas, including genome wide expression studies (expression microarray 

studies),48-58 none of these have been translated into clinical practice and a molecular 

subtyping platform for ovarian cancer, similar to that used in breast cancer, does not yet 

exist.  

 Here we investigate the presence and clinical relevance of genes with bimodal 

patterns of expression using the largest publically-available ovarian cancer microarray 

dataset.59 We demonstrate the clinical value of these molecular switches by describing 

their correlation with tumor type and overall patient survival. Finally, given their robust 

bimodal nature and applicability across different datasets using different testing 

platforms, we propose that these genes are strong candidates for use in clinical 

diagnostic and prognostic testing.  
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3.2 Material and Methods 

3.2.1 Microarray Data Preprocessing 

 A publically available ovarian cancer microarray dataset, GSE9891,59 (n=285; 

Affymetrix GeneChip Human Genome U133Plus2) was used for bimodal discovery. For 

survival score validation, two datasets were used: GSE1852060 (n=53 laser capture 

microdissected epithelial samples from high grade, late stage serous ovarian tumors; 

Affymetrix U133Plus2) and a subset of samples in the dataset described by Bild et al61. 

(n=119 advanced stage ovarian tumors; Affymetrix U133A). Each array dataset was 

independently normalized using the RMA implementation in the Expression Console 

software package from Affymetrix (Santa Clara, CA). 

3.2.2 Bimodal Index Calculation and Molecular Subtyping 

 Applying the R-based algorithm described by Wang et al.7 to GSE9891, a bimodal 

index (BI) for each probeset was calculated. The BI is a measure of the strength of 

bimodality demonstrated by each gene across the study population. Human leukocyte 

antigen (HLA) genes and genes with clear population copy number variation (CNV) 62 

were exclude from further analysis. Uncentered correlation, complete linkage HCA with 

no further data adjustment was conducted using Cluster 3.0.63.  Results were visualized 

using Java Treeview.64 For each probeset, cutoff values for ‘Low’, ‘Indeterminate’, and 

‘High’ expression levels were calculated from the bimodal analysis output as follows: 
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low cutoff = mu1 (mean value of the low mode) + (2*sigma); high cutoff = mu2 (mean 

value of the high mode) – (2*sigma) (Figure 24). If the low and high cutoffs overlapped, 

the midpoint between mu1 and mu2 was used. Using Graphpad Prism (La Jolla,CA), 

Fisher’s exact test p-values were calculated for each probeset to identify those genes 

with bimodal expression (high versus low) that were significantly associated with 

histologic subtype. 

3.2.3 Survival Analysis 

 Using the 242 malignant serous samples from GSE9891 (4 filtered for missing 

clinical outcome data), individual Kaplan-Meier survival analysis was conducted for the 

top 125 bimodal probesets (BI>1.9).  The 16 survival-associated probesets, with high 

cutoff values above noise (log(2) expression >5.0), were then combined using a simple 

equally weighted scoring algorithm to create a sum survival score. Each probeset for 

each sample was given the value of -1 (low expression), 1 (high expression), or 0 

(indeterminate expression), and these values were summed to create a sum survival 

score, with the value for 207802_at subtracted from the total score given its opposite 

association with survival when compared to the other 15 probesets. Cutoff values (‘Low’ 

vs ‘High’) for the sum survival scores were determined based on their distribution and 

to maximize the predictive power in this training set.  Kaplan-Meier analysis was 

conducted to evaluate survival significance between ‘Low’ and ‘High’ sum scores.  
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Survival validation was conducted using two independent, publically available data 

sets: GSE1852060 and the dataset generated by Bild et al.61  Low, High and Indeterminate 

expression cutoff values for individual probesets were applied directly to these 

validation sets without any further normalization or batch correction.   

3.3 Results 

3.3.1 Genes with Robust Bimodal Patterns of Expression Are Present 
in Ovarian Cancer 

 Using the bimodality index algorithm described by Wang et al 7, and the ovarian 

cancer dataset published by Tothill et al 59, we generated a bimodality index (BI) for the 

expression of all genes across all 285 samples (18 low malignant potential (LMP) tumors, 

20 endometrioid tumors (EM), 1 malignant adenocarcinoma, and 246 malignant serous 

(MS) tumors). Many genes with bimodal expression patterns were identified. We chose a 

BI cutoff of >1.9 to select genes for further evaluation.  This cut off produced a 

manageable number of genes (Figure 21) and each of the genes with a BI >1.9 had a 

clear, visually recognizable and robust bimodal distribution among tumor samples 

when evaluated by a simple histogram.   



 

Figure 21: Distribution of bimodal index scores across all genes. Genes with 

 

 Each of these genes (BI>1.9) showed a distinct bimodal distribution of expression 

as demonstrated for a set of representative genes in Figures 

excluded HLA genes due to their populati

spurious appearance of a bimodal distribution (Figure 
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Distribution of bimodal index scores across all genes. Genes with 

were selected for further evaluation. 

Each of these genes (BI>1.9) showed a distinct bimodal distribution of expression 

as demonstrated for a set of representative genes in Figures 22-24. We subsequently 

excluded HLA genes due to their population sequence variation, which could cause 

spurious appearance of a bimodal distribution (Figure 24).  
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Figure 22: Genes with population sequence variation, such as HLA
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with population sequence variation, such as HLA

robust bimodal expression distribution among all samples

We also excluded genes, such as GSTT1, known to have a bimodal pattern of 

expression due to population copy number variation (Figure 23). Ten genes were 

ultimately excluded, leaving 159 probesets (Appendix C). For subsequent analysis,

‘Low’, ‘Indeterminate’, and ‘High’ expression cutoff values were determined based on 

the bimodal expression pattern (Figure 24) as described in the methods section. Results 

from this analysis clearly demonstrate bimodally expressed genes are present in 

ithelial ovarian carcinomas. 
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Figure 23: Genes with common population copy number variation, such as GSTT1, 

demonstrate robust bimodal expression distrib

Figure 24: Cutoff values distinguishing low, high, and indeterminate gene expression 
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3.3.2 Bimodal Gene Expression Defines Distinct Ovarian Tumor 
Histologic Subtypes 

 An unsupervised HCA on these 159 probesets using all 285 samples revealed a 

distinct clustering of LMP samples from MS and EM samples (Figure 25). 

 

Figure 25: HCA was conducted for all 285 samples (GSE9891) using BI > 1.9 probesets 

after filtering for those associated with HLA or large copy number variants. Genes are 

clustered on the left, arrays are clustered along the top. Sample types are denoted by 

color below the dendogram: blue=low malignant potential serous, 

green=endometrioid, red=malignant serous.  

 

 These results suggest that the dominant contributor to variance in the expression 

of these bimodal genes is attributable to histologic subtype. As seen in the HCA 
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dendogram, the LMP cluster is driven by a distinct set of covariant genes. Specifically 79 

of the 159 probesets (73 genes) are strongly associated with LMP subtype (Fisher’s exact 

test p<0.05) (Appendix D). Next, RMA normalization and bimodal analysis was 

performed on the 266 EM and MS samples. Of the 135 probesets with a BI greater than 

1.9, 25 probesets (22 genes) distinguish between EM and MS tumors (Fisher’s exact 

p<0.05) (Appendix E). Thus, these data demonstrate that certain bimodal genes are 

associated with histologically distinct tumor subtypes of ovarian carcinoma. 

3.3.3 Bimodal Genes Define a Molecular Subtype of Ovarian 
Carcinoma Associated with Survival 

 To identify genes associated with survival without the confounding effect of 

different tumor types, we next renormalized and performed bimodal discovery on the 

246 malignant serous samples. 125 probesets were identified with a BI of 1.9 or greater 

(Appendix F). Unsupervised HCA was conducted using these probesets and identified 

distinct clusters of covariant genes and two major groupings of arrays (Branch A and 

Branch B, Figure 26).  
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Figure 26: RMA and bimodal analysis was performed on MS tumors (GSE9891), and 

HCA was conducted for the 246 MS samples using BI>1.9 probesets after filtering for 

those associated with HLA or population copy number variants. 

 

 When Kaplan-Meier analysis was performed on these two sample branches, we 

identified a significant difference in survival between the two groups (p=0.003, 

HR=1.773) (Figure 27). Thus, these bimodal genes define two distinct molecular types of 

tumors with different overall survival, and survival is one of the major contributors to 

variance in their expression. 



 

66 

 

 

Figure 27: Kaplan-Meier survival analysis identified a survival difference between 

patients in the two major branches of the hierarchical clustering dendogram. 

 

 Cutoff values for ‘Low’, ‘Indeterminate’, and ‘High’ expression levels for these 

125 probesets were determined as described above. Kaplan-Meier analysis was 

conducted on each probeset individually to determine which had a significant 

association between low versus high expression and survival. Sixteen probesets 

(encoding 14 genes) were identified (Table 3). These probesets, which had a high degree 

of concordance in their high vs. indeterminate vs. low states (Fleiss’ Kappa statistic k 

value of 0.68), were combined to create a sum survival score for each sample. 
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Table 3: Survival significant genes among malignant serous tumors 

Probe ID Gene ID BI mu1 mu2 sigma K-M  

p-value 

232523_at MEGF10 2.09 3.468748 6.847644 0.684446 0.0003 

204915_s_at SOX11 1.91 4.804793 8.525937 0.799646 0.0008 

229554_at LUM 1.97 5.188884 8.094111 0.724050 0.0020 

206439_at EPYC 2.27 3.601230 8.473435 1.038651 0.0046 

219937_at TRHDE 2.81 3.097969 6.762696 0.301738 0.0110 

230865_at LIX1 1.94 3.472591 7.023606 0.834944 0.0120 

228780_at POU3F3 2.91 3.075755 8.625999 0.551117 0.0120 

218468_s_at GREM1 2.01 3.640580 7.162920 0.830929 0.0127 

229479_at Unknown 2.37 3.828929 7.634728 0.782749 0.0145 

218469_at GREM1 1.94 3.916469 7.587012 0.908092 0.0285 

209613_s_at ADH1B 2.34 3.157311 7.94840 0.926028 0.0313 

228598_at DPP10 2.02 3.139758 6.729975 0.580631 0.0336 

203980_at FABP4 2.58 4.241476 10.02201 1.025201 0.0362 

207802_at CRISP3 2.29 3.230949 7.479999 0.608813 0.0364 

1560698_a_at LOC283392 2.08 3.324755 6.052015 0.293312 0.0420 

209612_s_at ADH1B 2.26 3.960957 8.695147 0.937286 0.0461 

Probe ID = Affymetrix probe ID designation. Gene ID = HUGO gene name. BI, mu1, 
mu2, sigma = statistical output of the bimodal discovery algorithm.  K-M p-value = the 

Kaplan Meier survival analysis (low vs. high expression) p-value. 

 

 The molecular switch state for all sixteen probesets was combined in an additive 

fashion to create a single survival score for each sample. Survival score cutoffs for ‘Low’, 

‘High’, and ‘Indeterminate’ were visually determined in accordance with the bimodal 

score distribution pattern across all MS samples (Figure 28, Table 4).  
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Figure 28: Survival scores were generated in the training set (GSE9891,n=242) and 

score cutoffs for Low, High and Indeterminate were determined based on 

distribution.  
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Table 4: Survival significance in the training set based on varying low and high sum 

score cut off values. 

Score Cutoff Values Low 

Score 

(n) 

IND 

Score 

(n) 

High 

Score 

(n) 

Low vs IND vs High 

K-M 

(p-value) 

Low vs IND + 

High K-M 

(p-value/HR) 

Low IND High 

<-7 -7 ≤ score ≤ -4 >-4 135 21 86 0.0004  

 

<0.0001/0.4761 

 

<-7 -7 ≤ score ≤ -3 >-3 135 25 82 0.0007 

<-7 -7 ≤ score ≤ -2 >-2 135 35 72 0.0007 

<-7 -7 ≤ score ≤ -1 >-1 135 43 64 0.0006 

<-7 -7 ≤ score ≤  0  > 0 135 55 52 0.0006 

<-8 -8 ≤ score ≤ -4 >-4 114 42 86 0.0001 

<0.0001/0.4221 

 

<-8 -8 ≤ score ≤ -3 >-3 114 46 82 0.0001 

<-8 -8 ≤ score ≤ -2 >-2 114 56 72 0.0001 

<-8 -8 ≤ score ≤ -1 >-1 114 64 64 0.0001 

<-8 -8 ≤ score ≤  0 > 0 114 76 52 0.0001 

<-9 -9 ≤ score ≤ -4 >-4 111 45 86 0.0003 
 

<0.0001/0.4571 

 

<-9 -9 ≤ score ≤ -3 >-3 111 49 82 0.0003 

<-9 -9 ≤ score ≤ -2 >-2 111 59 72 0.0003 

<-9 -9 ≤ score ≤ -1 >-1 111 67 64 0.0003 

<-9 -9 ≤ score ≤  0 > 0 111 79 52 0.0002 

 

 Kaplan-Meier analysis results demonstrate a statistically significant survival 

difference between patients with low (score <-8), high (score >-3), and indeterminate (-8≤ 

score ≤-3) survival score (p=0.0001) (Figure 29).  
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Figure 29: Kaplan-Meier analysis based on patients demonstrating Low, 

Indeterminate, and High Sum Scores in the training set. 

 

 The median long-term survival for patients with a favorable score was 65 

months, compared to 29 months in patients with unfavorable or indeterminate survival 

scores (p<0.0001, HR=0.4221). In this dataset, the malignant serous samples originated 

from different primary sites, with the majority being either ovarian primary or 

peritoneal primary (n=200 ovarian primary, n=34 peritoneal primary). To verify our 

survival significant genes were not due to primary tumor site or associated with tumor 

pathology, we repeated the sum score survival analysis on the ovarian primary tumors 
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alone. Our results showed a significant survival different between Low, Indeterminate, 

and High survival score groups when considering just ovarian primaries 

(p=0.0001)(Figure 30).  
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Figure 30: Kaplan-Meier analysis demonstrates survival significance between low, 

indeterminate and high sum scores across ovarian primary MS tumor samples (n=204).  

 

 Similarly, sum score survival significance held when considering high grade and 

low grade tumors separately (p=0.0026 for Grade 1-2 tumors (Figure 31); p=0.0274 for 

Grade 3 tumors (Figure 32)) as well as when late stage tumors (stage III-IIIc) are 

analyzed in isolation (p=0.0027)(Figure 33). 
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Low Grade (1-2) Tumors, Low vs. High+IND Score
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Figure 31: Kaplan-Meier analysis demonstrates survival significance between Low, 

Indeterminate and High sum scores independent of consolidated low grade. 
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Figure 32: Kaplan-Meier analysis demonstrates survival significance between Low, 

Indeterminate and High sum scores independent of consolidated high grade. 
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Stage III-IIIc Malignant Serous: Low vs High+IND Score
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Figure 33: Kaplan-Meier analysis demonstrates survival significance between low, 

indeterminate and high sum scores among histologically heterogeneous tumors. 

 

 Finally, we validated our sum survival score using two independent validation 

data sets. GSE1852060 contains 53 laser capture microdissected (LCM) samples of high 

grade, late stage papillary serous ovarian tumors. Probeset expression cut off values 

determined in the training set were applied with no further correction, and the sum 

score for each sample was determined. Sum survival scores across all validation samples 

maintained a bimodal expression pattern (Figure 34).  



 

Figure 34: Sum score distribution across 53 validation samples (GSE18520: high

late-stage papillary serous ovarian carcinoma). Individual probe

score cutoffs are based on those defined in the training set.

 

 Kaplan-Meier analysis demonstrated significant survival differences between all 

three survival score groups (Low, High and Indeterminate) in the GSE18520 validation 

set (p=0.0314) (Figure 35). 
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Sum score distribution across 53 validation samples (GSE18520: high

stage papillary serous ovarian carcinoma). Individual probeset and sum survival 

score cutoffs are based on those defined in the training set.

Meier analysis demonstrated significant survival differences between all 

three survival score groups (Low, High and Indeterminate) in the GSE18520 validation 

).  

 

Sum score distribution across 53 validation samples (GSE18520: high-grade, 

set and sum survival 

score cutoffs are based on those defined in the training set. 

Meier analysis demonstrated significant survival differences between all 

three survival score groups (Low, High and Indeterminate) in the GSE18520 validation 
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Figure 35: Training set-based cutoffs were applied to validate survival significance in 

an ovarian tumor epithelial U133Plus2 dataset (GSE18520,n=53). 

 

 When comparing low survival sum scores to the remaining samples, the median 

long-term survival for patients with a favorable score was 36 months, compared to 17 

months in patients with unfavorable or indeterminate survival scores (p=0.0084, 

HR=0.4565). In this dataset, where a good outcome is defined as survival past the 

median overall survival (25 months) and a bad outcome is defined as death prior to the 

median survival, the sensitivity and specificity of an indeterminate or unfavorable sum 
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score is 57.7% sensitive (95% CI = 36.9-76.6%) and 79.2% (95% CI = 57.8-92.9%) specific 

(Table 5). 

 

Table 5: Sensitivity and specificity of an indeterminate or unfavorable sum score in 

the validation datasets. 

Validation 

Dataset 

Median 

Survival 

(months) 

High + IND Score  

(Poor Prognosis) 

Low Score  

(Good Prognosis) 

Sensitivity Specificity 
Death 

 < Median  

 

(n) 

Survive 

>/= 

Median 

(n) 

Death 

 < Median  

 

(n) 

Survive 

>/= 

Median 

(n) 

GSE18520 25 15 5 11 19 

57.7% 

(95% CI= 

36.9-76.6) 

79.2% 

(95% CI= 

57.8-92.9) 

Bild et al 53 30 12 25 29 

54.5% 

(95% CI= 

40.6-68.0) 

70.7% 

(95% CI= 

54.5-83.9) 

 

 The second validation dataset (generated by Bild et al.) contains 135 advanced 

stage tumors and used the Affymetrix U133A platform.  Of the 135 samples, 119 samples 

were used for subsequent analysis. Threshold values generated in the training set for 

individual probesets were applied. Of the 16 probesets, only nine are present on the 

U133A platform.  Thus, sum score threshold values were re-established based on the 

distribution of the sum score across the samples in this dataset and to give population 

sizes similar to the training dataset.  Sum score cutoffs were established as low (score<-

4), high (score>-2), and indeterminate (-4≤score≤-2) (Figure 36).  



 

Figure 36: Sum score distribution across 119 advanced stag

al). Individual probeset cutoffs are based on the training set. However, 

that only nine of the sixteen survival

platform used in this specific study, sum survival score cutoffs are based on the 

bimodal distribution of the sum survival scores specific to this dataset.

bars represent the sum score cutoffs for this dataset.

 

 The survival scores maintained significance (p=0.0082) when comparing the three 

groups, and when favorable scores were compared to unfavorable or indeterminate 

scores (p=0.0018, HR=0.4849
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Sum score distribution across 119 advanced stage ovarian tumors (Bild et 

. Individual probeset cutoffs are based on the training set. However, 

that only nine of the sixteen survival-significant probesets are present on the U133A 

platform used in this specific study, sum survival score cutoffs are based on the 

bimodal distribution of the sum survival scores specific to this dataset.

bars represent the sum score cutoffs for this dataset. 

The survival scores maintained significance (p=0.0082) when comparing the three 

groups, and when favorable scores were compared to unfavorable or indeterminate 

849) (Figure 37).  

 

e ovarian tumors (Bild et 

. Individual probeset cutoffs are based on the training set. However, given the fact 

significant probesets are present on the U133A 

platform used in this specific study, sum survival score cutoffs are based on the 

bimodal distribution of the sum survival scores specific to this dataset. The vertical 

 

The survival scores maintained significance (p=0.0082) when comparing the three 

groups, and when favorable scores were compared to unfavorable or indeterminate 
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Figure 37: Survival significance of Low, Indeterminate and High Sum Scores in a 

U133A dataset of 119 advanced-stage ovarian tumors. Cutoff values were adjusted due 

to absent probesets on the U133A array. 

 

 In this dataset, where a good outcome is defined as survival past the median 

overall survival (53 months) and a bad outcome is defined as death prior to the median 

survival, the sensitivity and specificity of an indeterminate or unfavorable sum score is 

54.5% (95% CI = 40.6-68.0%) sensitive and 70.7% specific (95% CI = 54.5-83.9%) (Table 5). 

Taken together, these data show that certain genes with bimodal expression patterns 

define a clinically relevant molecular subtype in ovarian carcinoma. The robust clinical 

predictive power of these genes is demonstrated by their ability to predict patient 
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survival in independent datasets containing both advanced stage tumor tissue, as well 

as epithelial cells captured from high grade, late stage ovarian tumors. 

3.4 Discussion 

 Our study is the first to investigate the presence and clinical relevance of genes 

with bimodal patterns of expression in epithelial ovarian carcinoma. We identify a 

subset of genes with distinct bimodal expression based on a large dataset of ovarian 

tumor samples. We also demonstrated that a number of genes with the strongest 

bimodal expression patterns are significantly associated with tumor type and/or overall 

patient survival. When combined into a single sum survival score, the top survival-

significant genes identify a clinically-distinct molecular subtype of malignant serous 

ovarian carcinoma. The robustness of this approach is evident in the successful 

application of this survival index to two independent ovarian cancer datasets without 

any further normalization or batch correction. 

  A number of recent studies have identified significant genes and multi-gene 

expression signatures to distinguish histologic subtypes,49,51-53 and stratify advanced 

stage serous ovarian carcinoma by survival.54,55,59,65-67 Our approach, however, is unique. 

We started with the focus on translation and ultimate implementation in the clinical 

molecular laboratory setting. In this setting, (1) the number of genes in a predictor 

should be small, (2) once genes are identified the statistical approaches should be 
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simple, (3) the differences between ‘high’ and ‘low’ expression should be large, robust 

and easy to distinguish. These simple requirements exclude many of the currently used 

approaches for array-based predictions.  

 Approaches which involve self-organization of datasets through clustering of the 

entirety of expressed genes (or a subset of the most variant genes) do not meet all of 

these requirements. Often times, the distilled lists of genes that distinguish subtypes are 

large. In addition, direct application of clustering based predictors is dependent on 

having similarly large datasets that are representative of all possible phenotypes. Even 

then, the application of clustering based algorithms to external datasets can be difficult. 

This is seen in the original description of this dataset59 when applied to the Bild dataset 

used in our validation. It is also difficult to translate these types of approaches to the 

single patient sample and thus they largely do not meet criteria #2 above. This is made 

evident by the complex controversy around the implementation of cluster based 

molecular subtyping of breast cancer.68 

 The second main approach to array based discovery is to identify those genes 

most strongly associated with survival or tumor subtypes from all genes represented on 

the array. This subset of predictive genes is then combined using a predicting algorithm 

of some sort (logistic regression, principle component based, etc). While this approach, 

like clustering approaches, can be quite successful, it runs the risk of identifying large 
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sets of genes of which only a small fraction are good testing targets (i.e. they do not meet 

criteria #3 above). 

 In this study we focused on genes with a strong bimodal expression pattern.  We 

do this for two reasons. First, bimodal analysis identifies genes that are ideal candidates 

for translation into robust, precise clinical diagnostic and prognostic tests. Second, by 

analogy to other tumor types (breast adenocarcinoma), bimodal genes tend to define 

distinct molecular subtypes of cancer with different clinical behavior. From a clinical 

testing perspective, genes with a continuous (Gaussian) distribution of expression make 

difficult testing targets. High and low expression can be difficult to standardize between 

laboratories or even within a single laboratory. However, the distinction between 

tumors with “on” or “off” expression for a particular bimodal gene is relatively 

straightforward. This allows clear-cut decision making boundaries and development of 

precise, reliable testing methods that are less likely to be affected by issues such as 

methodological variation between laboratories, suboptimal tissue collection or 

preservation or other sources of pre-analytic variance.  Bimodal genes may also be 

candidates for testing by less quantitative methods such as immunohistochemistry, as in 

the case of ER, PR and HER2 in breast cancer. 

 In addition to being good testing targets, several of the bimodal genes that we 

identified have been previously described as having roles in tumorigenesis. Two of the 
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14 survival significant genes described here (SOX11 and POU3F3) are transcription 

factors that synergize to regulate transcription by binding to adjacent DNA binding 

elements in the context of embryonic development of the CNS.69  Typically, expression 

of SOX11 is not seen in adult tissues. However, aberrant over-expression has been 

described in mantle cell lymphoma70, malignant gliomas71 and ovarian carcinoma.72 In 

fact, in the context of ovarian carcinoma SOX11, has recently been described as 

prognostic on its own.72  However, the correlation with survival was reversed from what 

we observed in this study (high expression equated to increased survival in the previous 

study).  In contrast, low expression of SOX11 is associated with improved outcomes in 

mantle cell lymphoma and meningioma73,74.  This data is in line with the association that 

we observe here (low SOX11 expression with better survival). The reason for this 

discrepancy is uncertain.  GREM1 has been described as prognostic in renal cell 

carcinoma75.  However, the association in renal cell carcinoma is also reversed from what 

we observed in our three ovarian cancer datasets.  Given the potential function of 

GREM1 as pro-angiogenic through its interaction with VEGFR2 73, it is certainly 

conceivable that high expression of GREM1 could be associated with poor outcomes and 

that these associations could be tumor specific.  High CRISP3 expression has been 

associated with smaller recurrence free probabilities in prostate cancer following radical 

prostatectomy.76  There are conflicting data on this point, however, and other studies 



 

83 

 

have not found this association.77  Finally, internal deletions in DPP10 (exons 4-25) have 

been described in malignant pleural mesothelioma.  Expression of either mutated or WT 

DPP10 correlates to improved survival in this tumor type. Determining whether the 

survival association seen in our study is a result of this internal deletion remains an area 

for future study.  All of these examples raise the possibility that we have described 

molecular switch genes that will not only be relevant in the context of ovarian 

carcinoma, but rather important across multiple tumor types. 

 There is overlap in the genes that we identify and those identified as defining 

tumor subtypes in the original description of this dataset by Tothill et al.  However, 

while there is significant covariance in expression among the 14 genes that we identified, 

these genes do not define a single subtype in the previous work.  Among the fourteen 

survival-significant genes identified in our study, upregulation of SOX11, DPP10, and 

POU3F3 was seen in the C5 subclass described by Tothill et al.59 This subtype is a high-

grade serous subtype defined by mesenchymal development associated genes. Increased 

expression of CRISP3 is associated with the LMP-related C3 subtype. This is consistent 

with its upregulation in the good prognostic group in our study. The other nine 

overlapping genes between this study and the study by Tothill and colleagues59 

(MEGF10, ADH1B, LUM, FABP4, EPYC, TRHDE, GREM1, LIX1, and probeset 229479_at) 
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showed increased expression in the C1 subtype, which was described as a stromal-

associated subtype.  

 In summary, we have identified a very small set of genes that have the potential 

to be robust prognostic markers in epithelial ovarian cancer. Initial validation 

demonstrates that a very simple survival score based on these genes holds across varied 

datasets and even different array platforms.  We have also demonstrated the utility of a 

novel approach (bimodal gene discovery) in identifying clinically relevant expression 

targets. Finally, this work raises a number of interesting cell biological and biochemical 

questions surrounding these genes, from what transcription factors or genetic events 

drives their bimodal expression pattern to the implications of expression on basic cell 

functions as related to neoplasia.  
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4. Genome-Wide Expression Profiling of Peripheral 
Blood Before and After Diving Identifies a Multi-Gene 
Signature of Decompression Stress 

Transitioning from solid tumor tissue to peripheral blood, changes in genome-

wide expression profiling can also be used to identify potential molecular markers of 

exposure to environmental stressors. Unlike the previous studies of tumor tissue, this 

study evaluates differential expression within a single individual before and after and 

experimental exposure. As we demonstrate, controlling for potential sources of intra-

individual biological variance, including diurnal fluctuation of peripheral blood gene 

expression, promotes development of a reproducible multi-gene assay. 

4.1 Introduction 

 After incurring an inert gas load under hyperbaric conditions, divers ascend 

(decompress) and move from a high pressure to a low pressure environment. During 

decompression, inert gas supersaturation can occur in the tissues and subsequently in 

the veins, potentially resulting in the formation of inert gas bubbles in the tissues and 

venous blood. While mammalian lungs are capable of filtering out bubbles 20 microns or 

larger from the venous circulation, smaller bubbles transverse the lungs into the arterial 

circulation78. It is also possible for venous bubbles to enter the arterial circulation via 

inter-atrial and pulmonary shunts79.  
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 Pathological effects of intravascular and extravascular bubbles can be induced by 

both physical and biochemical mechanisms. Physical presence of gas in the blood and 

tissues can result in mechanical disruption, tissue compression, and obstruction of blood 

vessels79. In response to the primary insult, subsequent activation of biochemical 

pathways can occur. This pathophysiological response to the presence of inert gas 

bubbles in the blood and tissues is termed ‘decompression stress’ (DS). Decompression 

sickness (DCS) is the physical manifestation of DS, and its heterogeneous clinical 

presentation can include skin rash, joint pain, malaise, vertigo, muscle weakness, 

shortness of breath, urinary incontinence, paralysis, unconsciousness and death80. The 

etiology of these symptoms, except when vascular obstruction is involved, is poorly 

understood. The prevailing idea is that DCS is caused by activation of the inflammation, 

coagulation or systemic immune responses by the physical effects of the bubbles; 

however, this is as yet unsubstantiated79.  

 Developing new ways to study pathophysiological stress incurred during 

decompression benefits recreational and military divers, high altitude pilots, astronauts 

in the setting of extravehicular activity, and Navy submarine personnel during disabled 

submarine escape. DS is currently defined by the probability of DCS as predicted by the 

U.S. Navy linear exponential multi-gas (LEM) model81, or venous bubble grade as 

measured by transthoracic echocardiogram (TTE) or Doppler ultrasound. These current 
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definitions of DS limit humans studies to outcome measures of clinical manifestation of 

DCS (undesirable) and quantification of venous bubble load (time-consuming, relatively 

subjective, and lack of correlation with DCS82. A blood-borne marker of DS could be 

used as an indicator in decompression studies, and could improve decompression 

model development with the addition of physiological data. Additionally, it would 

provide a clearer picture of molecular mechanisms involved in blood-bubble or blood-

tissue interaction. A DS marker, or panel of markers, would also provide a candidate 

test platform for DCS diagnosis. At present, however, there are no established markers 

of DS. 

 As an alternative to looking at expression of individual genes, we hypothesized 

that genome-wide expression profiling could provide insight into new gene marker 

candidates and pathway interactions. The large number of circulating cell types, such as 

platelets, neutrophils, lymphocytes, and stem cells, that are associated with vascular 

disorders such as DS and DCS make analysis of peripheral blood ideal for capturing 

global changes in gene expression associated with these processes. Whole blood gene 

expression profiling has previously been conducted in a number of cardiovascular 

disorders, such as hypertension, dyslipidemia, and Type 2 diabetes 83. These studies 

particularly focused on disease states where activation of the inflammatory response in 

the vascular compartment occurs, similar to DS and DCS. In addition to cardiovascular 
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disease, peripheral blood gene expression signatures of diagnosis and prognosis have 

been reported in a number of other conditions with vascular inflammatory components 

including rheumatoid arthritis 84, systemic lupus erythematosis 85, multiple sclerosis 86,87, 

asthma 88, and environmental exposures 89,90.  

 In this study, we utilized gene expression microarray to characterize and validate 

global gene expression patterns in peripheral blood that are characteristic of DS. 

Expression levels for over 14,000 well-characterized genes were measured from samples 

collected before and after dives. In order to identify gene changes associated with DS 

resulting from typical recreational and military dive exposures, these blood samples 

were obtained during a series of mixed-gas, experimental decompression dives 

conducted at the Navy Experimental Dive Unit (NEDU) in Panama City, Florida. Post-

dive samples were compared with pre-dive samples to pinpoint significant genes and 

corresponding pathways differentially expressed in response to DS. During these 

experimental dives, hyperbaric oxygen breathing during decompression was conducted 

to reduce bubble formation and DCS 91. By switching to 100% oxygen at relatively 

shallow depths during ascent, inert gas elimination from the tissues and blood is more 

efficient due to an increased pressure gradient between the inert gas in the tissues and 

the venous blood. In association with hyperbaric oxygen (HBO) treatment of 

inflammatory and ischemia-reperfusion injuries, hyperoxia has also been shown to 
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increase antioxidant enzymes and anti-inflammatory proteins 92,93, and decrease 

neutrophil adhesion 94 and pro-inflammatory cytokine production 95. Since changes in 

gene expression following the experimental dives could either be related to high 

decompression stress or hyperoxic effect, a series of hyperbaric oxygen control samples 

were analyzed to identify those genes differentially expressed in response to hyperoxia. 

 The experimental divers also conducted exercise during the bottom phase of the 

dive, so changes in peripheral blood gene expression following exercise were assessed as 

a control measure. The final control arm addressed diurnal effect on gene expression. 

Samples were drawn at 7am and 5pm on the experimental study days. Finally, to assess 

the strength of the resulting gene signature of DS identified in the discovery phase of the 

study, the signature was applied to an independent dataset of PBMC microarray data 

collected pre and post-dive from a series of experimental normoxic (no hyperoxic 

exposure) decompression exposures. 

4.2 Materials and Methods 

4.2.1 Human Experimental Exposures 

4.2.1.1 Hyperoxic Mixed-gas Decompression Exposure 

 Fifty-four healthy male US Navy (USN)-trained divers participated in a series of 

93 experimental mixed-gas (oxygen and helium breathing gas), oxygen-decompression 
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dives (Navy Experimental Dive Unit (NEDU) Protocol # 09-30/32231). All dives were 

conducted in the NEDU Ocean Simulation Facility.  

 The study consisted of four experimental dive profiles with a probability of DCS 

(P(DCS)) ranging from 2.20 to 2.24%, as computed by the US Navy LEM model81. None 

of the experimental profiles resulted in clinical DCS. Total oxygen exposure for the four 

profiles ranged from 630 to 664 Cumulative Unit Pulmonary Toxic Dose (CUPTD) as 

computed with the method of Harabin et al96. This exposure range compares favorably 

to that incurred by a patient completing a standard USN Treatment Table 6 (CUPTD 

range = 746-753) 97. 

4.2.1.2 Exercise Control 

 Nine healthy male USN-trained divers (the same nine participants in the NSMRL 

normoxic decompression study, described below) conducted a mild exercise control 

exposure to account for the effects of exercise on peripheral blood gene expression. 

Similar to the normoxic exercise, light exercise (55-69 % of each subject’s age-adjusted 

maximal theoretical heart rate as monitored by a Polar Heart Rate monitor) was 

conducted on a bicycle ergometer on the surface for 80 minutes. 

4.2.1.3 Hyperbaric Oxygen Control 

 Nine healthy male USN-trained divers participated in a NSMRL study entitled 

“Exhaled Nitric Oxide (NO) and Carbon Monoxide (CO) as Noninvasive Markers of 
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Hyperbaric Oxidative Stress in Humans” (IRB # NSMRL.2010.0002). Each subject 

conducted three hyperbaric chamber exposures (1, 2 and 4 hours), breathing 100% 

humidified oxygen at 2 ATA with no air break. Dives were spaced one week apart and 

presented in random order. Data analyzed for this control group were specific to the 4 

hour HBO arm. 

4.2.1.4 Diurnal Control 

 Eleven healthy male USN-trained divers participated in the DUHS IRB-approved 

study entitled “Normal Variance of Peripheral Blood Gene Expression” (DUHS IRB 

Pro00033651) and in collaboration with the ongoing NSMRL study entitled “Exhaled 

Nitric Oxide (NO) and Carbon Monoxide (CO) as Noninvasive Markers of Hyperbaric 

Oxidative Stress in Humans” (IRB # NSMRL.2010.0002). Subjects did not undergo 

experimental exposures for this phase of the study.  

4.2.1.5 Normoxic Decompression Exposure 

 Nine healthy male US Navy (USN)-trained divers conducted dry hyperbaric 

chamber dives to 47 feet of seawater (FSW) for 60, 70 and 80 minutes as part of the study 

entitled “Can Exhaled Nitric Oxide (NO) Measurements Provide a Noninvasive 

Measure of Decompression Stress in Humans?” (IRB # NSMRL.2008.0007). All chamber 

dives were conducted at the Naval Submarine Medical Research Laboratory (NSMRL) in 

Groton, Connecticut.  



 

92 

 

 Divers breathed a normoxic gas mixture (partial pressure of oxygen (PpO2) = 

0.21 atmospheres absolute (ATA) at depth) at depth through an oral nasal mask. During 

the bottom phase of each dive, light exercise was performed using a bicycle ergometer. 

Exercise intensity was maintained between 55% and 69 % of each subject’s age adjusted 

maximal theoretical heart rate and was monitored continuously using a Polar Heart Rate 

monitor. The decompression for each of these dives followed the USN Diving Manual 

air table decompression profile for an 80 minute dive at 60 FSW97.  This is a 

decompression dive involving a 7 minute stop at 10 FSW.  Descent and ascent rates were 

30 FSW per minute for each profile. Dives were conducted in random order, with a 

minimum of 48 hours scheduled between each dive to minimize acclimation effect from 

previous decompression exposures. Subjects refrained from exercise 24 hours prior to 

each dive to minimize the influence exercise on VGE formation98. None of the 

experimental profiles resulted in clinical DCS. 

4.2.2 Decompression Stress Measurements 

4.2.2.1 Probability of Decompression Stress  

 The probability of decompression sickness (P(DCS)) was computed by the U.S. 

Navy linear exponential multi-gas (LEM) model81. The risk of DCS predicted by the LEM 

model is a function of dive time, depth and breathing gas profile (oxygen, nitrogen 

and/or helium).  Based on a simplified model of pressure dependent gas exchange 
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between the body tissues, venous and arterial systems and lungs, the risk model 

converts partial pressures in the body tissues into a probability of DCS. 

4.2.2.2 Transthoracic Echocardiogram  

 Venous gas emboli (VGE) were visually detected by transthoracic 

echocardiogram (TTE). Transthoracic imaging provides a cross-sectional view of 

multiple heart chambers and major vessels. For this study, apical TTE measurements 

were conducted on each participant pre-dive for a baseline image, and again at 30, 60, 90 

and 120 minutes post-dive. The apical view allows visualization of the right atrium and 

right ventricle. Quantification of detected VGE was based on the Eftedal-Brubakk scale99: 

VGE Grade 0 (no detectable bubbles); Grade 1 (Occasional bubbles); Grade 2 (At least 

one bubble every four cardiac cycles); Grade 3 (At least one bubble every cardiac cycle); 

Grade 4 (At least one bubble per cm3 in every image; Grade 5 (“white out” or no single 

bubble can be discriminated in the scan).  

4.2.3 Peripheral Blood Sample Collection 

 Following consent, peripheral blood samples (2.5 mL) were drawn by 

venipuncture and collected into PaxGene Blood RNA tubes (Qiagen, Valencia, 

California) from study participants approximately 1 hour before exposure and 2 hours 

after exposure for the decompression stress, hyperbaric oxygen control and exercise 

control groups. The 2 hour time point was chosen because peak bubble formation has 
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been observed between 60 and 90 minutes post-dive, and we wanted to choose a time 

point that followed peak insult. Diurnal control samples were collected from 

participants at approximately 7:00AM and 5:00PM on the same day. Blood tubes were 

inverted ten times immediately post-draw and incubated for 24 hours at room 

temperature (18-25°C), then frozen and stored at -20°C for transfer to Duke University 

Medical Center for processing and analysis. Sample collection for all experimental and 

control groups was conducted under USN and DUHS IRB approval. 

4.2.4 Peripheral Blood RNA Extraction 

 Total RNA was extracted using a kit-based method (PaxGene Whole Blood RNA 

Kit, Qiagen, Valencia, California). Globin reduction was performed using a kit-based 

method (GlobinClear Kit, Ambion, Austin, Texas) to minimize beta-globin background 

signal in the gene expression data. RNA quantity and quality was assessed with the 

NanoDrop ND-1000 spectrophotometer (NanoDrop Technologies, Inc., Wilmington, 

Delaware). Only samples with a 260/280 ratio between 1.9-2.1 were further processed. 

Hybridization targets were prepared from 2ug of total RNA and hybridized according 

to standard Affymetrix protocols using Affymetrix GeneChip Human U133A arrays. 

Arrays were scanned on the Affymetrix GeneChip scanner and probeset expression 

values, percent present and 3’/5’ probeset ratios for actin and GAPDH (for microarray 

quality control) were calculated using the Affymetrix Microarray Analysis Suite v5.0. 



 

95 

 

4.2.5 Statistical Analysis 

4.2.5.1 Microarray Data Preprocessing 

 Gene expression data was normalized and log2-transformed using Affymetrix 

Expression Console. PCA was conducted using R/Bioconductor script based on all 

22,216 probesets on the Affymetrix U133A platform to verify absence of batch effect in 

data prior to analysis.  

4.2.5.2 Identification of Differentially Expressed Genes 

 Prior to significance analysis, probesets with a mean log2 expression value < 5.0 

for each dataset were filtered to remove genes contributing to background noise in the 

dataset. Due to the large number of hypotheses being tested in genome-wide expression 

profiling, there is a high possibility that a Student’s t-test or basic measure of fold 

change between pre and post-dive samples will result in false discovery of genes that are 

differentially expressed by random chance. To correct for false discovery and identify 

genes that are truly differentially expressed, a permutation test was conducted between 

pre and post-dive expression values for the NEDU dataset in R/Bioconductor. This 

statistical test involves random shuffling of the data one thousand (or more) times and a 

resulting test statistic distribution for the data set. If the true test statistic of a gene is 

smaller than 95% of the random values, a point defined in the distribution as the 

“minimum p-value”, the null hypothesis can be rejected. Genes with a true test statistic 
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below the minimum p-value are considered statistically significant. For this study, a p-

value of 1.00 x 10-04 was determined as the significance cutoff (false discovery rate (FDR) 

< 0.001) for the discovery dataset and was further applied for the control datasets. 

4.2.5.3 Principal Component and Hierarchical Cluster Analysis 

Principal component analysis (PCA) was conducted using R/Bioconductor script. 

Since expressed values are log2-converted, unscaled PCA results were used for further 

analysis. Hierarchical cluster analysis (HCA) was conducted using Cluster 3.0 using 

Pearson correlation and average linkage29. Cluster results were visualized using Java 

Treeview. 

4.2.5.4 Functional and Pathway Analysis 

Functional analysis of gene lists was conducted using GATHER100. This program 

first calculates a Bayes factor, which measures the strength of the evidence supporting a 

functional association of a probeset annotation within the gene list.  A p-value is then 

calculated based on the probability of seeing a Bayes factor of a particular magnitude in 

a query.  

Canonical pathway analysis was generated through the use of Ingenuity 

Pathways Analysis (IPA; Ingenuity® Systems, www.ingenuity.com). Canonical 

pathways analysis identifies the pathways from the IPA library of canonical pathways 

that were most significant to the data set. Molecules from the analyzed dataset that were 
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associated with a canonical pathway in Ingenuity’s Knowledge Base were considered for 

the analysis. The significance of the association between the data set and the canonical 

pathway was measured in 2 ways: 1) A ratio of the number of molecules from the 

dataset that map to the pathway divided by the total number of molecules that map to 

the canonical pathway is displayed. 2) Fisher’s exact test was used to calculate a p-value 

determining the probability that the association between the genes in the dataset and the 

canonical pathway is explained by chance alone. 

4.3 Results 

4.3.1 Principal Component Analysis Demonstrates Absence of Batch 
Effect in Microarray Data 

PCA was conducted using R/Bioconductor script based on all 22,216 probesets on 

the Affymetrix U133A platform to verify absence of batch effect in data prior to analysis. 

PCA visualizes the data based on covariance, and when conducted on all probesets 

(including internal controls) can detect potential batch effect due to processing or 

technical variance present in the data. Principal component 1 (PC1) captures the 

majority of covariance in the dataset, while principal component 2 (PC2) captures the 

second largest amount of covariance in the dataset. In a plot of PC1 versus PC2, 

overlapping pre and post-dive samples, in addition to a lack of distinct sample clusters, 

demonstrates absence of batch effect in the discovery dataset (Figure 38). A similar 

absence of batch effect was seen in all datasets for this study.  
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differences in sample processing.

Figure 38: PCA based on all probesets for the NEDU pre and post

demonstrates absence of batch effect in the data.
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These results demonstrate variance observed in the dataset can more likely be

attributed to biological effect and are less likely associated with technical effect or 

differences in sample processing. 

PCA based on all probesets for the NEDU pre and post

demonstrates absence of batch effect in the data. 

 

more likely be 

s likely associated with technical effect or 

 

PCA based on all probesets for the NEDU pre and post-dive samples 



 

4.3.2 Significance Analysis
Response to Decompression Stress

Permutation analysis 

expression when comparing pre versus post

than 10 probesets (out of 18,532 probesets remaining after being filtered for noise) could 

be identified as differentially expressed at a p

chance alone (Figure 39). Datasets with more background noise will have 

chance of false discovery of differentially expressed genes. Significance analysis 

further conducted using a p

891 probesets (742 genes)

samples in the NEDU dataset

Figure 39: Permutation results demonstrate the discoverability of the NEDU 

dataset.  For each series, the number of probesets differentially express

value are given. The red circles indicate results by random chance (1000 rescramblings 

of the NEDU data). The blue circles indicate results of NEDU pre versus post
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Analysis Reveals Genes Differentially Expressed 
Response to Decompression Stress  

Permutation analysis was then conducted to identify significant differential 

expression when comparing pre versus post-dive samples. For the NEDU data

besets (out of 18,532 probesets remaining after being filtered for noise) could 

be identified as differentially expressed at a p-value of 1.00 x 10-04 based on random 

. Datasets with more background noise will have 

false discovery of differentially expressed genes. Significance analysis 

further conducted using a p-value cutoff 1.00 x 10-04 for this dataset, and results

891 probesets (742 genes) were differentially expressed between pre and post

in the NEDU dataset. 

: Permutation results demonstrate the discoverability of the NEDU 

dataset.  For each series, the number of probesets differentially express

value are given. The red circles indicate results by random chance (1000 rescramblings 

of the NEDU data). The blue circles indicate results of NEDU pre versus post

test comparison. 
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was then conducted to identify significant differential 

For the NEDU dataset, less 

besets (out of 18,532 probesets remaining after being filtered for noise) could 

ased on random 

. Datasets with more background noise will have a greater 

false discovery of differentially expressed genes. Significance analysis was 

for this dataset, and results revealed 

differentially expressed between pre and post-dive 

 

: Permutation results demonstrate the discoverability of the NEDU 

dataset.  For each series, the number of probesets differentially expressed at a given p-

value are given. The red circles indicate results by random chance (1000 rescramblings 

of the NEDU data). The blue circles indicate results of NEDU pre versus post-dive t-
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Given the significant hyperoxic exposure during the bottom and decompression 

phases of the mixed-gas dives, hyperbaric oxygen (HBO) exposure control samples were 

similarly analyzed for differential expression to identify those genes specifically 

associated with hyperoxia in the NEDU dataset. Two hundred and twenty four 

probesets (223 genes) were differentially expressed in response to HBO exposure (p-

value cutoff = 1.00E-4, Appendix G).  GATHER revealed these genes were significantly 

associated with cell communication (65 genes, p=0.007) and cell adhesion (17 genes, 

p=0.01). Ten genes were identified as overlapping and demonstrated similar fold change 

values between the HBO control and NEDU significant gene list (DHCR24, PER1, 

LMNB1, FKBP5, ABCC5, IL5RA, CDK19, BTBD9, DXH9, WEE1).   

 In addition to hyperoxic exposure, pre and post blood samples for the NEDU 

study were collected at the same time of day – approximately 7:00AM for pre-dive 

samples and 5:00PM for post-dive samples. To control for potential differences 

attributable to diurnal fluctuation in gene expression, we created a separate control arm 

to account for diurnal variation. Significance analysis revealed differential expression of 

35 probesets (32 genes) when comparing evening to morning samples (p-value cutoff = 

1.00E-4, Appendix H). GATHER results demonstrated the top biological processes 

associated with these genes were neurogenesis (6 genes, p<0.0001), morphogenesis (8 
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genes, p=0.0007), and small GTPase mediated signal transduction (4 genes, p=0.0007). Six 

of these genes overlapped with the NEDU significant gene list (CCND3, SERPINF1, 

DDIT4, CIB2, SOCS1, KLF4). 

 After filtering for hyperoxic and diurnal effect (the exercise control arm 

contained no significant probesets), 869 probesets (726 genes) remained as being 

differentially expressed following the mixed-gas diving exposures. These results 

demonstrate that a significant number of peripheral blood genes are differentially 

regulated in response to mixed-gas decompression exposures, independent of hyperoxic 

exposure, exercise effect, or diurnal fluctuation.  

Based on the 726 genes remaining after filtering for control results, GATHER 

revealed a significant association of genes differentially expressed following mixed-gas 

diving with immune response and response to a pest, pathogen or parasite (77 and 57 

genes, respectively; p<0.0001). To further evaluate the specific pathways up and down-

regulated following decompression, significant genes were analyzed by IPA. As shown 

in Figure 40, the top canonical pathways were related to natural killer (NK) cell 

signaling and crosstalk with dendritic cells. Other pathways included those related to 

innate immune and inflammatory response.  
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Figure 40: IPA identifies canonical pathways significantly differentially 

expressed following mixed-gas decompression exposures. The Y-axis indicates the 

negative log10 (p-value) of pathway significance by IPA with a significance threshold 

of 1.25. The yellow line gives a relative ratio of the number of genes expressed in the 

pathway divided by the total number of genes in the pathway.  

  

4.3.3 A Subset of Genes Differentially Expressed Following Mixed-
Gas Diving Differentiates Between Pre and Post-Dive Normoxic 
Decompression Samples 

 To validate the ability of the significant genes to capture changes in peripheral 

blood gene expression following decompression exposure, we first optimized the gene 

subset prior to application to an independent dataset. Based on the list of 726 significant 

genes, HCA was conducted to identify covariant genes associated with the pre and post-

dive samples in the NEDU dataset (Figure 41). Two clusters of covariant genes that 
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optimally discern pre and post-dive NEDU samples were identified. The first cluster 

(denoted ‘Up’ in Figure 41) comprises 160 genes (189 probesets) up-regulated post-dive. 

The second cluster (denoted ‘Down’ in Figure 41) contains 202 genes (222 probesets) 

down-regulated post-dive. 

 Probesets from the up and down-regulated clusters were combined to create a 

362 gene ‘signature’ of DS (Figure 42, Appendix I). This signature was then applied to an 

independent dataset of pre and post-dive microarray data collected from a series of 

experimental normoxic nitrox dives. PCA was conducted based on all probesets (Figure 

43), and based on the 362 gene DS signature (Figure 44) for the 53 samples in the 

validation dataset (26 paired and 1 unmatched post-dive). The plot of PCA based on all 

probesets demonstrates an overlapping range of Principal Component 1 (PC1) and 

Principal Component 2 (PC2) scores. However, PCA based on the DS signature revealed 

a differential distribution of pre versus post-dive samples along the first principal 

component (PC1 score cutoff of -64, Fisher exact test p=0.0058). These data indicate that, 

based on the expression of genes in the DS signature, the dominant contributor to 

variance among the validation samples was pre versus post-dive exposure. 
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Figure 41: HCA of 726 significantly differentially expressed genes following 

mixed-gas decompression exposures (minimum p-value cutoff = 1.0E-4) when applied 

to the 43 paired NEDU samples. Rows represent probesets, columns represent 

samples. The covariant genes in the ‘Up’ (upregulated post-dive) and ‘Down’ 

(downregulated post-dive) were combined to create a 362 multi-gene ‘signature’ of 
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decompression stress. For the sample key at the top of the heatmap, red denotes pre-

dive and blue denotes post-dive. 

  



 

Figure 42: The 362

(training dataset). Rows represent probesets, columns represent samples. 
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The 362-gene DS signature applied to the 43 paired 

Rows represent probesets, columns represent samples. 

 NEDU samples 

Rows represent probesets, columns represent samples. For the 
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Figure 43: Principal component analysis of the

test dataset, based on all genes on the Affymetrix Genechip. Principal component 1 

(PC1) captures the majority of the 

2 (PC2) captures the next 

PC1 and PC2 for the pre and post

Figure 44: : PCA of 
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sample key along the top of the heatmap, red denotes pre-dive samples

denotes post-dive samples. 

 

Principal component analysis of the independent, normoxic nitrox 

, based on all genes on the Affymetrix Genechip. Principal component 1 

(PC1) captures the majority of the covariance in the dataset, and principal compon

2 (PC2) captures the next largest amount of covariance in the dataset. Overlapping of 

PC1 and PC2 for the pre and post-dive samples indicates similarity in expression 

among samples based on all genes. 
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Figure 45: PCA results from Figure 3 identifying post
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signature alone) is based on pre vs post-dive status. For a PC1 score cutoff of 

Fisher’s Exact test results demonstrate significant differential expression (p=0.0058) 

between pre and post-dive samples. 

 

When observing differences in post-dive samples based on the decompression 

exposure (bottom time at 47 FSW, same decompression protocol for all three profiles) 

a visual trend of post-dive PC1 scores between profiles with

time (60 minutes), to profiles with longer bottom times (70 and 80 minutes)

repeated–measures ANOVA, however, the relationship between

PC1 score and dive profile does not reach statistical significance

PCA results from Figure 3 identifying post-dive samples based on 

diving exposure (bottom time at 47 FSW). Decompression protocol was the same for 

all profiles (60’ for 80 min air USN schedule). 

For a PC1 score cutoff of -64, 

Fisher’s Exact test results demonstrate significant differential expression (p=0.0058) 

dive samples based on the decompression 

r all three profiles) 

profiles with shorter 
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significance (p = 0.1056).  
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Following each of the normoxic nitrox dives, TTE data were also collected at the 

30, 60, 90 and 120 minute post-dive time points to identify presence and relative quantity 

of detectable vascular bubbles (Table 6). Taking into account dive profile, significance 

analysis revealed no correlation between post-dive PC1 score and peak VGE score over 

the entire 2 hour post-dive recording period, or peak VGE score at the 2 hour time point 

when the post-dive blood sample was collected (repeated measures MANCOVA p = 

0.1104, p = 0.1613 respectively).  

Table 6: TTE VGE scores (peak and at the 2Hr time point) following 

experimental normoxic nitrox dives based on the Eftedal-Brubakk scoring system. 

Minus denotes bubbles in < 3 cardiac cycles; Plus denotes bubbles in > 6 cycles. 

Subject Bottom Time Peak VGE Score 2Hr VGE Score 

1 

 

60 2+ 0 

70 2+ 2 

80 4 4 

2 

 

60 1 1 

70 3+ 3 

80 3 3 

3 

 

60 1 0 

70 0 0 

80 0 0 

4 

 

60 2- 0 

70 4+ 4- 

80 2- 0 

5 

 

60 3 3 

70 3- 3- 

80 3+ 3+ 

6 

 

60 3+ 3 

70 3 3 

80 4- 3 
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7 

 

60 4 4- 

70 4+ 4 

80 4 3+ 

8 

 

60 1 0 

70 3+ 1- 

80 3 0 

9 

 

60 3+ 3 

70 3+ 3 

80 3 2 

 

  

The ability of the 362 gene signature, developed from a hyperoxic mixed-gas 

series of dives, to differentiate between pre and post-dive samples in a series of 

normoxic decompression exposures validates its ability to capture gene expression 

changes in response to DS. The lack of significant correlation between the DS signature 

and detectable VGE indicates a discrepancy between a currently utilized measure of DS 

(TTE to detect vascular bubbles) and the degree of underlying pathophysiological 

response to DS.  

4.3.4 Decompression Stress Signature Genes Are Associated with 
Immune Response Signaling Pathways 

To identify which pathways are associated with the DS signature, IPA was 

conducted based on all 362 signature genes. The top five canonical pathways are shown 

in Table 7, including IPA generated p-values and the DS signature genes included in 

each pathway.  Each of these pathways is associated with the innate immune response, 
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and there is overlap of signature-specific genes among the five pathways. Genes in the 

NK cell signaling pathways (top two) are primarily downregulated post-dive; however, 

the majority of these downregulated genes are associated with negative regulation of 

NK cell activation and cytolytic activity.  Upregulated genes in the top pathways are 

associated with immune activation and acute phase pro-inflammatory response. Results 

from the pathway analysis of the 362 signature genes indicate significant, reproducible 

upregulation and differential expression of innate immune and acute inflammatory 

response genes in peripheral blood following DS exposure.  

 

Table 7: Top canonical pathways associated with the DS Signature. Green 

gene IDs denote downregulated genes post-dive; red denotes upregulated post-dive 

Canonical Pathway p-value DS Signature Genes 

Natural Killer Cell Signaling 1.03E-06 

KIR2DL2, KIR2DL3, KIR2DL4, 
KIR2DL5A, KIR3DL1, 
KIR3DL3, KLRD1, NCR1, 
NCR3, PIK3CD, PIK3CG, 
PLCG1, PRKCH 

Crosstalk between Dendritic 
Cells and Natural Killer 

Cells 
7.72E-06 

ACTC1, IL2RB, KIR2DL2, 
KIR2DL3, KIR2DL4, 
KIR2DL5A, KIR3DL1, 
KIR3DL3, KLRD1, NCR3, 
PRF1 

Graft versus Host Disease 
Signaling 

3.32E-04 
GZMB, IL1A, IL1B, IL1RN, 
KIR2DL3, PRF1 

Role of Macrophages, 
Fibroblasts and Endothelial 

Cells in Rheumatoid 
Arthritis 

4.56E-04 

APC, CALM1, CREB5, IGHG1, 
IL1A, IL1B, IL1R1, IL1RN, 
IL6R, MAPK14, PIK3CD, 
PIK3CG, PRKCH, PLCG1, 
SOCS1, TLR5, TRAF4 

Leukocyte Extravasation 5.43E-04 ACTC1, ARHGAP8, BMX, 
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Signaling CD99, CRK, MAPK14, 
MMP24, MMP23B, PIK3CD, 
PIK3CG, PLCG1, PRKCH, 
SPN 
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4.3.5 Identification of Candidate Gene Markers of Decompression 
Stress 

To pinpoint robust, individual markers of DS, we re-adjusted the p-value cutoff 

to 1.0E-06 (FDR < 0.0001) and 477 probesets were identified as significantly differently 

expressed in the discovery, mixed-gas dataset. Paired t-test was then conducted based 

on seven of the nine subjects in the normoxic nitrox dataset for all dives and all 

probesets on the Affymetrix platform. Subjects 5 and 6 were removed due to unmatched, 

quality pre and post-dive samples.  The ratio of probesets at a given p-value was 

calculated for all probesets on the array and for the 477 significant probesets. An 

enrichment of genes at more significant (lower) p-values can be seen among the 477 

significant probesets when compared to all probesets (Figure 46). These results indicate 

a true difference between pre and post-dive expression among the 477 significant 

probesets. 

Overlapping probesets (p < 1.0E-04 in the normoxic dataset) were then selected 

for further evaluation. Ultimately, 44 genes were identified as robustly differentially 

expressed between the mixed-gas and normoxic datasets.  These 44 genes were then 

filtered for those differentially expressed in the hyperoxic and diurnal control groups. 

Two genes (IL5RA and FK506) were filtered for association with hyperoxic exposure, 

and seven genes (DDIT4, CCL4, CCND3, BCL6, ADM, ANXA3, HISTH3D) were filtered 

for diurnal variation, leaving 35 candidate marker genes for response to DS (Table 8). 



 

Figure 46: Based on the normoxic dataset, the 

value among the 477 significant probesets (determined in the mixed

compared the number of probesets at a given p
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Based on the normoxic dataset, the ratio of probesets at a given p

value among the 477 significant probesets (determined in the mixed

compared the number of probesets at a given p-value among all probesets on the 

platform.  

 

ratio of probesets at a given p-

value among the 477 significant probesets (determined in the mixed-gas dataset) 

value among all probesets on the 
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Table 8:  Top genes differentially expressed following mixed-gas and 

normoxic decompression exposures 

Gene Symbol Gene Title 

CARS2 cysteinyl-tRNA synthetase 2, mitochondrial (putative) 

CD55 CD55 molecule, decay accelerating factor for complement (Cromer blood group) 

CD59 CD59 molecule, complement regulatory protein 

FADD Fas (TNFRSF6)-associated via death domain 

FGL2 fibrinogen-like 2 

FOSL2 FOS-like antigen 2 

GFOD1 glucose-fructose oxidoreductase domain containing 1 

GK glycerol kinase 

GOLGB1 golgin B1 

HSPA6 heat shock 70kDa protein 6 (HSP70B') 

IL10RB interleukin 10 receptor, beta 

IQSEC1 IQ motif and Sec7 domain 1 

KCNJ15 potassium inwardly-rectifying channel, subfamily J, member 15 

KCNJ15 potassium inwardly-rectifying channel, subfamily J, member 15 

KLF9 Kruppel-like factor 9 

MSRB2 methionine sulfoxide reductase B2 

NCR3 natural cytotoxicity triggering receptor 3 

NRD1 nardilysin (N-arginine dibasic convertase) 

NUP214 nucleoporin 214kDa 

OVGP1 oviductal glycoprotein 1, 120kDa 

PHF21A PHD finger protein 21A 

PHLPP1 PH domain and leucine rich repeat protein phosphatase 1 

PID1 phosphotyrosine interaction domain containing 1 

SLC16A6 solute carrier family 16, member 6 (monocarboxylic acid transporter 7) 

SLC22A4 solute carrier family 22 (organic cation/ergothioneine transporter), member 4 

SLC9A8 solute carrier family 9 (sodium/hydrogen exchanger), member 8 

TLE1 transducin-like enhancer of split 1 (E(sp1) homolog, Drosophila) 

TP53BP1 tumor protein p53 binding protein 1 

TPD52L2 tumor protein D52-like 2 

TRIB1 tribbles homolog 1 (Drosophila) 

TSC22D3 TSC22 domain family, member 3 



 

TYMS thymidylate synthetase

VNN2 vanin 2 

ZBTB16 zinc finger and BTB 

Unknown --- 

Following a review of the literature, 4 of the 35 candidate gene markers were 

chosen for further evaluation based on their previous utility as markers in other 

inflammatory or immune processes (Table 9). 

 

Table 

 

The change in expression of each of the 4 genes was assessed among the three 

different normoxic nitrox decompression exposures (Figure 47). Although there was a 

visual trend in differential expression between the 60, 70 and 80 minute profiles for 

CD55 and HSPA6 (subjects 4, 7, 8 and 9), there was no statistically significant correlation 
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different normoxic nitrox decompression exposures (Figure 47). Although there was a 
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chosen for further evaluation based on their previous utility as markers in other 
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The change in expression of each of the 4 genes was assessed among the three 

different normoxic nitrox decompression exposures (Figure 47). Although there was a 

visual trend in differential expression between the 60, 70 and 80 minute profiles for 

HSPA6 (subjects 4, 7, 8 and 9), there was no statistically significant correlation 



 

between bottom time and change in gene expression among the four genes. 

decompression protocol was the same for each experimental dive, the estimated P(DCS) 

increases with an increase in experimental bottom time. These results indicate no 

significant correlation between P(DCS

microarray. There was also no statistically significant correlation between VGE (2 hour 

measure or peak measure) and change in gene expression.

Figure 47: Change

normoxic nitrox decompression exposures for Subjects 1, 2, 3, 4, 7, 8, and 9. Subjects 5 

and 6 were removed due to 
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and change in gene expression among the four genes. 

decompression protocol was the same for each experimental dive, the estimated P(DCS) 

ses with an increase in experimental bottom time. These results indicate no 

significant correlation between P(DCS) and gene expression changes as measured by 

There was also no statistically significant correlation between VGE (2 hour 

peak measure) and change in gene expression. 

Changes in candidate gene marker expression in response to 

normoxic nitrox decompression exposures for Subjects 1, 2, 3, 4, 7, 8, and 9. Subjects 5 

and 6 were removed due to lack of quality, paired pre and post-dive samples.

and change in gene expression among the four genes. Given the 

decompression protocol was the same for each experimental dive, the estimated P(DCS) 

ses with an increase in experimental bottom time. These results indicate no 

as measured by 

There was also no statistically significant correlation between VGE (2 hour 

 

in response to 

normoxic nitrox decompression exposures for Subjects 1, 2, 3, 4, 7, 8, and 9. Subjects 5 

dive samples. 
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4.4 Discussion 

In this study, we approached development of a DS assay by genome-wide 

expression profiling of peripheral blood before and after experimental mixed-gas dives. 

After filtering for genes demonstrating differential expression associated with 

hyperoxia, mild exercise and diurnal variation, we identified 726 genes expressed in 

response to mixed-gas decompression exposure. From this gene list, a subset of 362 

covariant genes was further evaluated as signature of DS. This signature, when applied 

to pre and post-dive samples from a series of normoxic nitrox exposures, differentiated 

between pre and post-dive blood samples. However, the signature did not demonstrate 

significant association with VGE or bottom time. Innate immune and acute phase 

inflammatory response pathways were identified as the top represented pathways in the 

genes comprising the DS signature. Finally, we identified CD55, CD59, IL10RB and 

HSPA6 as robust, individual candidate gene markers of DS. 

Comprehension of the pathophysiological mechanism of an injury, response, or 

disease process is useful, if not necessary, when identifying candidate biomarkers of that 

specific condition. Several pathways have been implicated in the underlying 

pathophysiology of DS and DCS in humans. Increased clotting activity and evidence of 

intravascular coagulation has been demonstrated in cases of clinical DCS and in 

asymptomatic divers following hyperbaric exposures 101,102. Similarly, platelet activation 



 

119 

 

(determined by surface expression of activation-dependent glycoprotein) has been 

detected after asymptomatic scuba dives 103. Decompression exposures have been shown 

to result in a post-dive reduction in endothelial function 104. Previous studies have also 

shown that elevation of creatine phosphokinase, an indicator of tissue damage, has been 

shown to significantly correlate with the presence of arterial gas embolism 105. Although 

activation of these pathways has been demonstrated following decompression exposure 

or development of clinical DCS, no biomarkers of DS or predictors of DCS have been 

established.   

Previous work by Cameron et al 106 investigated expression of specific 

immunoinflammatory genes in PBMC collected from military divers following deep air 

dives to 45 meters of seawater (MSW). Similar to the results in our study, a number of 

immunoinflammatory genes (HSPA6, IL-1RN) were found to be differentially expressed 

post-dive. A follow-up study by the same group assessed PBMC microarray data 

collected pre and post-dive to detect significant differences in gene expression following 

mixed-gas dives to 60, 69 and 81MSW107. Differential expression of HSPA6 and IL-1RN 

was observed post-dive in all three profiles, and was significantly different when 

comparing post-dive samples from the 69 and 81MSW dive profiles to the 60MSW 

profile. In addition to HSPA6 being one of the four candidate gene markers we 

identified in our study, HSPA6 and IL-1RN were also in our DS signature. These results 
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only strengthen the conclusion by Cameron et al that immunoinflammatory genes are 

ideal candidate DS markers.  

The upregulation of CD55 and CD59 following mixed-gas and normoxic nitrox 

decompression exposures ties into previously published studies demonstrating 

involvement of the complement pathway in both DS and DCS108,109. Work conducted by 

Ward et al demonstrated an increase of C3a and C5a, both fluid phase metabolites of 

complement activation, when human plasma samples were incubated with air 

bubbles108. Similar results by Shastri et al demonstrated activated complement in human 

serum samples, with and without red blood cells109. However, results from subsequent 

studies by Shastri et al and Zhang et al showed human decompression exposures failed 

to induce complement activation110,111. Our results are the first to demonstrate gene-level 

activation of CD55 and CD59, two cell-surface inhibitors of complement activation, in 

response to diving. Given the difference in experimental design between the studies 

showing complement involvement and those demonstrating no activation, it is possible 

the difference in results was due to sample composition (plasma or serum incubated 

with bubbles ex vivo versus samples collected from humans after decompression 

exposure). If cell-surface inhibitors of complement are upregulated in response to 

decompression exposure, their activity would not have been taken into account when 

looking at plasma or serum exposed to gas emboli ex vivo. In addition to investigating 
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these two genes as potential markers of DS, future studies should address the 

relationship between these two genes and the products generated by complement 

activation (C3a, C5a, C3d) to provide a better understanding of the role of the 

complement pathway in both DS and DCS. 

Specific to pathways differentially expressed in response to decompression 

exposures, natural killer cell signaling and crosstalk with dendritic cells were among the 

top two canonical pathways identified in the DS signature. Krog et al recently suggested 

immune-related markers would be ideal candidates as DS biomarkers112. Their 

conclusion was based on the increased number of circulating NK cells and upregulation 

of NK cell cytotoxicity they observed in military divers following deep saturation 

decompression exposures.  

Our study is the first to assess differential gene expression in human peripheral 

blood samples in response to DS on a genome-wide basis, in addition to controlling for 

other potential sources of biological variance (hyperoxia, diurnal effect, and exercise). 

We believe the subject population (all male, healthy US Navy-trained divers) optimized 

the ability to discover differentially expressed genes. As demonstrated in the results 

from the PCA based on all probesets and the permutation analysis, there was minimal 

background noise contributing to variance in the dataset. Collecting samples from 
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experimental dives conducted in hyperbaric chamber dives (versus diving in the field) 

also controlled for potential variability in environmental and stress exposures.  

Despite optimizing control for environmental and biological variance, there were 

also limitations to the experimental design of this study. The initial significance analysis 

was based on samples collected from a series of experimental mixed-gas dives. This 

series was comprised of 4 different experimental exposures. However, given the 

proximity of P(DCS) and oxygen exposure among the four profiles and the 

reproducibility of the discovered genes in differentiating between pre and post-dive 

samples in an independent dataset, we justified using data from all four dives for the 

initial discovery of differentially expressed genes in response to DS.  These dives were 

also conducted as immersed mixed-gas exposures, meaning divers were breathing a 

combination of helium and oxygen at depth while being completely underwater in the 

hyperbaric chamber (a portion of decompression was dry). While it is possible that the 

responses may differ between helium and nitrogen, or between dry and immersed 

exposures, the validation of the findings from the mixed-gas dataset in the normoxic 

nitrox dataset (where divers were dry and only breathing nitrogen and oxygen) strongly 

suggests the DS signature is not affected by immersion or inert gas specifics. The post-

dive time point of gene expression measurement was chosen as 2 hours in order to 

capture peak bubble formation. However, it is possible that gene expression changes at 
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this time point do not accurately reflect post-dive DS pathophysiological insult. 

Validation studies are currently underway to assess expression of signature genes at 

more acute (30 min) and delayed (4 hour) time points to develop a temporal profile of 

gene expression changes in response to DS. 

 The development and validation of a DS signature is the first step in identifying 

an assay to be used in experimental decompression and diving physiology studies. This 

signature could also provide the basis for a diagnostic test of DCS. Future studies should 

not only focus on differential expression of immune-specific pathways, but also 

investigate multi-gene, single gene, and related protein candidates associated with these 

pathways as possible blood markers of DS. Developing an improved understanding of 

key transcriptional pathways associated with decompression exposure will not only 

establish optimal candidates for DS and DCS diagnostic markers, but it will also provide 

insight into the pathophysiological mechanisms underlying blood and tissue response to 

bubble formation, presence, damage and other potential stressors associated with 

decompression stress. 
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5. Future Directions 

Although studies focused on development of clinically-relevant multi-gene 

assays are common, there are only a handful of array-based predictors transitioning into 

mainstream clinical diagnostic use such as the twenty-gene breast cancer diagnostic test, 

Oncotype DX®. Developed by Genomic Health, this recurrence predictor indicates the 

risk of relapse for early stage, ER+ breast cancer patients113.  MammaPrint® is a seventy-

gene assay of breast cancer progression, shown to indicate poor patient prognosis and a 

high risk of short-term metastasis in patients with low grade breast cancer without 

lymph node involvement114. Results from these two assays could aid breast cancer 

patient treatment decision in regards to withholding chemotherapy from patients for 

whom prognosis is favorable, or administering more aggressive treatment in patients 

with a high risk of recurrence. Both Oncotype DX® and MammaPrint® have obtained 

FDA approval in the US and large-scale validation trials are currently underway for 

both assays. Another multi-gene platform, “Cancer of Unknown Primary” by Agendia, 

distinguishes the tissue of origin of a cancer that is encountered at the metastatic stage is 

available in Europe115.  A similar assay developed using the Affymetrix microarray 

platform, the ‘‘Tissue of Origin Test’’, was developed by Pathwork Diagnostics in the US 

and has recently received FDA review116.  
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As array-based platforms are gradually incorporated into mainstream 

diagnostics, there is still serious concern among physicians and biostatisticians in 

regards to whether the clinical utility of these assays will hold up over time as more 

patients are tested117,118. A large part of this concern is centered on the question of how 

mixed composition of biopsy samples will ultimately impact the accuracy of these 

predictors. Testing accuracy can also be a function of precision, particularly when 

providing indirect measures of tumor behavior per the results of our predictor precision 

study described in Chapter 2. As mentioned in Chapter 1, platform precision is a 

regulatory requirement, yet it is rarely taken into consideration during multi-gene assay 

development. Our study investigated how biological heterogeneity impacts both 

accuracy and precision of single gene (ER, PR) and multi-gene classifiers of breast cancer 

biology and behavior. While our results demonstrated minimal impact of intratumor 

heterogeneity on predictor precision in breast cancer, they also pointed to the 

importance of precision testing with replicate samples early in the process of assay 

development. With clinical translation in mind, similar assessment of diagnostic assay 

precision should be the focus of future expression array studies in all cancer types. The 

replicate dataset generated in this study also provides a publically-available validation 

set for testing precision and accuracy of breast cancer multi-gene classifiers. Priority 
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should be placed on development of similar replicate datasets in other cancer types for 

evaluating the translational potential of current and future array-based platforms.  

Robust accuracy and precision of single gene predictors like ER and PR is largely 

attributable to their distinct ‘on’ and ‘off’ state of expression. We recognized there is true 

translational potential of genes demonstrating similar bimodal expression patterns. With 

this in mind, we tested the bimodal discovery approach described in Chapter 3 and 

identified survival-significant bimodal genes, such as SOX11 and POU3F3. We also 

discovered a simple, additive fourteen-gene predictor of survival among patients with 

the malignant serous subtype of epithelial ovarian cancer. Further assessment of the 

prognostic value of the genes in the survival predictor will be required prior to 

transition to clinical application. Analysis of the prognostic value of single transcript 

(qPCR) and protein (IHC) assays, as well as the multi-gene predictor by PCR, will 

provide further insight into the clinical potential of these targets.   

As mentioned in Chapter 1, distinct differences between ‘positive’ and ‘negative’, 

or ‘low ‘and ‘high’, expression is a desirable characteristic of a molecular diagnostic 

assay; transparency and assay simplicity is also desired. With this in mind, the 

simplicity of the additive, fourteen-gene predictor is ideal for clinical laboratory utility. 

However, with the exception of breast cancer7, there are no additional studies 

implementing a similar approach to array-based assay development. Exploration of the 
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presence and clinical relevance of bimodal genes in other types of cancer could result in 

diagnostic platforms already optimized for clinical transition.  

In a recent pilot study, we investigated the presence of bimodal genes in juvenile 

pilocytic astrocytoma (JPA) (unpublished results). There are currently no established 

histological or molecular markers of a more aggressive tumor phenotype in patients 

with JPA for which aggressive treatment would be beneficial. Based on initial analysis of 

publically-available datasets119-121, we identified L1-cell adhesion molecule (L1CAM) as a 

gene demonstrating consistent bimodal expression across JPA tumor samples that 

correlated with tumor recurrence. We validated these results by measuring L1CAM 

protein expression by IHC of banked FFPE JPA tumor tissue (n=24; 10 primary, 10 

recurrent, 4 pilomyxoid). IHC was graded as negative (no or ≤10% weak staining), 

intermediate (10%< weak to moderate staining <20%), or high (≥20% moderate to strong 

staining). We then conducted multivariate analysis to evaluate association of L1CAM 

with tumor location, age at diagnosis (range,1–20yr; median,11yr), gender, tumor status 

(primary or recurrent), and Ki-67 index. Correlation of L1CAM expression and 

progression-free survival (PFS) was also evaluated by Kaplan-Meier analysis. L1CAM 

staining was negative in 10 and positive in 10 JPA samples (5 intermediate, 5 high); 

negative in 2 and positive (high) in 2 pilomyxoid. Multivariate analysis demonstrated no 

correlation between L1CAM expression and location, age, gender, or tumor status, but a 
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significant correlation between L1CAM and Ki-67 index (p=0.01593). Based on a 

minimum of 1year follow-up, Kaplan-Meier analysis revealed a significant association 

between positive L1CAM expression and worsened PFS (p=0.0422,n=13), but no 

association between Ki-67 index and PFS. The results of this pilot study demonstrated 

increased L1CAM expression correlated with Ki-67 index in JPA and a worsened PFS. In 

addition, L1CAM expression appeared to be a more reliable independent prognostic 

factor for recurrence in children with JPAs compared with Ki67 index alone. Further 

evaluation of L1CAM as a marker of tumor recurrence in JPA, particularly with longer 

patient follow-up and a larger study population, will be necessary prior to consideration 

of clinical utility. Similar analysis of other cancer types, particularly with limited or no 

molecular predictors of cancer prognosis or diagnosis, could further identify clinically-

relevant subtypes with robust corresponding markers. 

Validation of the multi-gene signature in a dataset of LCM epithelial ovarian 

cancer cells was also an interesting result in that it pointed to bimodal expression in 

tumor-specific cells (as opposed to the surrounding stroma or inflammatory 

components). These results indicate biological significance of bimodal genes in cancer as 

potential key regulators of the neoplastic process. Functional regulators of neoplasia are 

also ideal therapeutic targets. Specific to the ovarian cancer genes for which a high 

expression state is associated with poor survival (13 of the 14 survival signature genes), 
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further in vitro analysis would determine if their functions are required for tumor 

progression, survival, and metastasis. Future studies could begin evaluating their 

tumorigenic significance by silencing these targets in high expressing cell lines and 

evaluating the subsequent effect on regulation of cell cycle, cell death (apoptosis), and/or 

cell migration and adhesion. Similar investigation of bimodal genes in other cancer 

types, including genes which demonstrate bimodal expression across multiple cancer 

types, would further elucidate their clinical potential not only as robust diagnostic 

markers, but also as ideal therapeutic targets. 

Finally, in Chapter 4 we transitioned from optimization of translational potential 

of multi-gene markers in solid tumor tissue to optimization of peripheral blood 

molecular markers. A follow-up validation study of the molecular markers identified in 

this study is currently underway. Both pathway-specific single gene markers and the DS 

signature will be assessed for differential expression post dive and correlation with 

different levels of DS at multiple time points. In this study, participants undergo two 

decompression dives with distinct differences in their P(DCS), which will provide a 

clearer picture as to whether the marker expression correlates with P(DCS). TTE is also 

being conducted post-dive to measure vascular bubbles, and will be analyzed for 

correlation with marker measurements. Measurement of signature expression in future 

research with clinical DCS as an endpoint would be informative in regards to 
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understanding the pathophysiological transition between DS and DCS, and could lead 

towards development of a robust molecular diagnostic assay of clinical DCS.  

Broader implications of this DS biomarker study point to the importance of 

minimizing biological sources of variance in peripheral blood gene expression studies. 

When assessing the discovery dataset in the diving study, we identified a handful of 

genes known to associate with circadian rhythm. Whitney et al investigated temporal 

variation of PBMC genome-wide expression as part of a larger study122; however, intra-

individual variation of same day expression was not evaluated. With this in mind, we 

added the diurnal control arm to identify gene expression changes associated with time 

of day instead of the decompression exposure itself. The data generated in this control 

arm will be provided as a publically-available dataset for future studies assessing 

changes in peripheral blood gene expression. However, all of the subjects in our study 

were male, healthy military personnel. Creation of a diurnal variation dataset that 

includes samples from both males and females, in addition to more time points in the 24 

hour cycle, would be extremely useful for future biomarker discovery projects.  

The research summarized in this dissertation provides approaches to facilitate 

the development and clinical translation of array-based diagnostics.  Evaluating the 

precision of multi-gene assays, harnessing unique characteristics of gene expression 

patterns to create robust marker candidates, and uncovering biological heterogeneity in 
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normal, healthy humans improves the translational potential of platforms developed by 

expression profiling; however, these approaches are merely a starting point. While 

current research involving molecular classifiers based on expression array data 

continues at a rapid pace, there is a clear need for development and implementation of 

similar approaches oriented towards translation into the clinical laboratory. Moreover, 

these approaches are not only applicable to expression microarray data. Other high-

throughput laboratory techniques applied to biomarker discovery projects, such as 

proteomics and NextGen sequencing, will need to meet the same molecular diagnostic 

laboratory requirements. Assay precision, robust marker development, and effect of 

normal biological variation are all issues that must be similarly addressed in these newly 

developed technologies prior to clinical laboratory translation. 
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Appendix A 

 

GSE3494 ER Predictor Gene List 

Probe Set ID Gene Symbol Gene Title 

1053_at RFC2 replication factor C (activator 1) 2, 40kDa 

200039_s_at PSMB2 proteasome (prosome, macropain) subunit, beta type, 2 

200076_s_at C19orf50 chromosome 19 open reading frame 50 

200079_s_at KARS lysyl-tRNA synthetase 

200086_s_at COX4I1 cytochrome c oxidase subunit IV isoform 1 

200628_s_at WARS tryptophanyl-tRNA synthetase 

200629_at WARS tryptophanyl-tRNA synthetase 

200670_at XBP1 X-box binding protein 1 

200687_s_at SF3B3 splicing factor 3b, subunit 3, 130kDa 

200711_s_at SKP1 S-phase kinase-associated protein 1 

200718_s_at SKP1 S-phase kinase-associated protein 1 

200719_at SKP1 S-phase kinase-associated protein 1 

200783_s_at STMN1 stathmin 1 

200790_at ODC1 ornithine decarboxylase 1 

200794_x_at DAZAP2 DAZ associated protein 2 

200804_at TMBIM6 transmembrane BAX inhibitor motif containing 6 

200810_s_at CIRBP cold inducible RNA binding protein 

200811_at CIRBP cold inducible RNA binding protein 

200875_s_at NOP56 NOP56 ribonucleoprotein homolog (yeast) 

200934_at DEK DEK oncogene 

200979_at PDHA1 pyruvate dehydrogenase (lipoamide) alpha 1 

200980_s_at PDHA1 pyruvate dehydrogenase (lipoamide) alpha 1 

201030_x_at LDHB lactate dehydrogenase B 

201037_at PFKP phosphofructokinase, platelet 

201041_s_at DUSP1 dual specificity phosphatase 1 

201056_at GOLGB1 golgin B1, golgi integral membrane protein 

201057_s_at GOLGB1 golgin B1, golgi integral membrane protein 

201064_s_at PABPC4 poly(A) binding protein, cytoplasmic 4 (inducible form) 

201068_s_at PSMC2 proteasome (prosome, macropain) 26S subunit, ATPase, 2 

201077_s_at NHP2L1 NHP2 non-histone chromosome protein 2-like 1 (S. cerevisiae) 

201088_at KPNA2 karyopherin alpha 2 (RAG cohort 1, importin alpha 1) 

201124_at ITGB5 integrin, beta 5 
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201125_s_at ITGB5 integrin, beta 5 

201169_s_at BHLHE40 basic helix-loop-helix family, member e40 

201170_s_at BHLHE40 basic helix-loop-helix family, member e40 

201189_s_at ITPR3 inositol 1,4,5-triphosphate receptor, type 3 

201195_s_at SLC7A5 

solute carrier family 7 (cationic amino acid transporter, y+ system), 

member 5 

201196_s_at AMD1 adenosylmethionine decarboxylase 1 

201197_at AMD1 adenosylmethionine decarboxylase 1 

201201_at CSTB cystatin B (stefin B) 

201202_at PCNA proliferating cell nuclear antigen 

201231_s_at ENO1 enolase 1, (alpha) 

201236_s_at BTG2 BTG family, member 2 

201266_at TXNRD1 thioredoxin reductase 1 

201275_at FDPS 

farnesyl diphosphate synthase (farnesyl pyrophosphate synthetase, 

dimethylallyltranstransferase 

201276_at RAB5B RAB5B, member RAS oncogene family 

201305_x_at ANP32B acidic (leucine-rich) nuclear phosphoprotein 32 family, member B 

201306_s_at ANP32B acidic (leucine-rich) nuclear phosphoprotein 32 family, member B 

201311_s_at SH3BGRL SH3 domain binding glutamic acid-rich protein like 

201327_s_at CCT6A chaperonin containing TCP1, subunit 6A (zeta 1) 

201349_at SLC9A3R1 

solute carrier family 9 (sodium/hydrogen exchanger), member 3 

regulator 1 

201360_at CST3 cystatin C 

201362_at IVNS1ABP influenza virus NS1A binding protein 

201383_s_at 

LOC100133166 

/// NBR1 similar to neighbor of BRCA1 gene 1 /// neighbor of BRCA1 gene 1 

201384_s_at 

LOC100133166 

/// NBR1 similar to neighbor of BRCA1 gene 1 /// neighbor of BRCA1 gene 1 

201394_s_at RBM5 RNA binding motif protein 5 

201395_at RBM5 RNA binding motif protein 5 

201397_at PHGDH phosphoglycerate dehydrogenase 

201412_at LRP10 low density lipoprotein receptor-related protein 10 

201455_s_at NPEPPS aminopeptidase puromycin sensitive 

201479_at DKC1 dyskeratosis congenita 1, dyskerin 

201487_at CTSC cathepsin C 

201492_s_at RPL41 ribosomal protein L41 

201508_at IGFBP4 insulin-like growth factor binding protein 4 

201516_at SRM spermidine synthase 

201584_s_at DDX39 DEAD (Asp-Glu-Ala-Asp) box polypeptide 39 
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201587_s_at IRAK1 interleukin-1 receptor-associated kinase 1 

201591_s_at NISCH nischarin 

201596_x_at KRT18 keratin 18 

201658_at ARL1 ADP-ribosylation factor-like 1 

201685_s_at TOX4 TOX high mobility group box family member 4 

201710_at MYBL2 v-myb myeloblastosis viral oncogene homolog (avian)-like 2 

201725_at CDC123 cell division cycle 123 homolog (S. cerevisiae) 

201755_at MCM5 minichromosome maintenance complex component 5 

201757_at 

NDUFS5 /// 

RPL10 

NADH dehydrogenase (ubiquinone) Fe-S protein 5, 15kDa (NADH-

coenzyme Q reductase) /// ribosomal protein L10 

201761_at MTHFD2 

methylenetetrahydrofolate dehydrogenase (NADP+ dependent) 2, 

methenyltetrahydrofolate cyclohydrolase 

201770_at SNRPA small nuclear ribonucleoprotein polypeptide A 

201778_s_at KIAA0494 KIAA0494 

201790_s_at DHCR7 7-dehydrocholesterol reductase 

201791_s_at DHCR7 7-dehydrocholesterol reductase 

201795_at LBR lamin B receptor 

201825_s_at SCCPDH saccharopine dehydrogenase (putative) 

201826_s_at SCCPDH saccharopine dehydrogenase (putative) 

201833_at HDAC2 histone deacetylase 2 

201834_at PRKAB1 protein kinase, AMP-activated, beta 1 non-catalytic subunit 

201835_s_at PRKAB1 protein kinase, AMP-activated, beta 1 non-catalytic subunit 

201841_s_at HSPB1 heat shock 27kDa protein 1 

201853_s_at CDC25B cell division cycle 25 homolog B (S. pombe) 

201860_s_at PLAT plasminogen activator, tissue 

201886_at WDR23 WD repeat domain 23 

201890_at RRM2 ribonucleotide reductase M2 polypeptide 

201914_s_at SEC63 SEC63 homolog (S. cerevisiae) 

201916_s_at SEC63 SEC63 homolog (S. cerevisiae) 

201930_at MCM6 minichromosome maintenance complex component 6 

201938_at CDK2AP1 cyclin-dependent kinase 2 associated protein 1 

201948_at GNL2 guanine nucleotide binding protein-like 2 (nucleolar) 

201970_s_at NASP nuclear autoantigenic sperm protein (histone-binding) 

201976_s_at MYO10 myosin X 

202001_s_at NDUFA6 NADH dehydrogenase (ubiquinone) 1 alpha subcomplex, 6, 14kDa 

202005_at ST14 suppression of tumorigenicity 14 (colon carcinoma) 

202080_s_at TRAK1 trafficking protein, kinesin binding 1 

202088_at SLC39A6 solute carrier family 39 (zinc transporter), member 6 
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202089_s_at SLC39A6 solute carrier family 39 (zinc transporter), member 6 

202094_at BIRC5 baculoviral IAP repeat-containing 5 

202095_s_at BIRC5 baculoviral IAP repeat-containing 5 

202110_at COX7B cytochrome c oxidase subunit VIIb 

202146_at IFRD1 interferon-related developmental regulator 1 

202147_s_at IFRD1 interferon-related developmental regulator 1 

202188_at NUP93 nucleoporin 93kDa 

202200_s_at SRPK1 SFRS protein kinase 1 

202204_s_at AMFR autocrine motility factor receptor 

202208_s_at ARL4C ADP-ribosylation factor-like 4C 

202233_s_at UQCRH ubiquinol-cytochrome c reductase hinge protein 

202240_at PLK1 polo-like kinase 1 (Drosophila) 

202268_s_at NAE1 NEDD8 activating enzyme E1 subunit 1 

202269_x_at GBP1 guanylate binding protein 1, interferon-inducible, 67kDa 

202270_at GBP1 guanylate binding protein 1, interferon-inducible, 67kDa 

202276_at SHFM1 split hand/foot malformation (ectrodactyly) type 1 

202307_s_at TAP1 transporter 1, ATP-binding cassette, sub-family B (MDR/TAP) 

202329_at CSK c-src tyrosine kinase 

202338_at TK1 thymidine kinase 1, soluble 

202357_s_at C2 /// CFB complement component 2 /// complement factor B 

202370_s_at CBFB core-binding factor, beta subunit 

202371_at TCEAL4 transcription elongation factor A (SII)-like 4 

202376_at SERPINA3 

serpin peptidase inhibitor, clade A (alpha-1 antiproteinase, 

antitrypsin), member 3 

202409_at 

IGF2 /// INS-

IGF2 

insulin-like growth factor 2 (somatomedin A) /// INS-IGF2 

readthrough transcript 

202412_s_at USP1 ubiquitin specific peptidase 1 

202454_s_at ERBB3 v-erb-b2 erythroblastic leukemia viral oncogene homolog 3 (avian) 

202466_at POLS polymerase (DNA directed) sigma 

202483_s_at RANBP1 RAN binding protein 1 

202494_at PPIE peptidylprolyl isomerase E (cyclophilin E) 

202501_at MAPRE2 microtubule-associated protein, RP/EB family, member 2 

202511_s_at ATG5 ATG5 autophagy related 5 homolog (S. cerevisiae) 

202554_s_at GSTM3 glutathione S-transferase mu 3 (brain) 

202580_x_at FOXM1 forkhead box M1 

202589_at TYMS thymidylate synthetase 

202599_s_at NRIP1 nuclear receptor interacting protein 1 

202613_at CTPS CTP synthase 
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202622_s_at ATXN2 ataxin 2 

202623_at EAPP E2F-associated phosphoprotein 

202625_at LYN v-yes-1 Yamaguchi sarcoma viral related oncogene homolog 

202641_at ARL3 ADP-ribosylation factor-like 3 

202679_at NPC1 Niemann-Pick disease, type C1 

202698_x_at COX4I1 cytochrome c oxidase subunit IV isoform 1 

202705_at CCNB2 cyclin B2 

202718_at IGFBP2 insulin-like growth factor binding protein 2, 36kDa 

202719_s_at TES testis derived transcript (3 LIM domains) 

202720_at TES testis derived transcript (3 LIM domains) 

202735_at EBP emopamil binding protein (sterol isomerase) 

202752_x_at SLC7A8 

solute carrier family 7 (cationic amino acid transporter, y+ system), 

member 8 

202754_at R3HDM1 R3H domain containing 1 

202756_s_at GPC1 glypican 1 

202772_at HMGCL 3-hydroxymethyl-3-methylglutaryl-Coenzyme A lyase 

202776_at DNTTIP2 deoxynucleotidyltransferase, terminal, interacting protein 2 

202779_s_at 

LOC731049 /// 

UBE2S 

similar to Ubiquitin-conjugating enzyme E2S (Ubiquitin-conjugating 

enzyme E2-24 kDa)  

202808_at C10orf26 chromosome 10 open reading frame 26 

202814_s_at HEXIM1 hexamethylene bis-acetamide inducible 1 

202815_s_at HEXIM1 hexamethylene bis-acetamide inducible 1 

202819_s_at TCEB3 

transcription elongation factor B (SIII), polypeptide 3 (110kDa, 

elongin A) 

202858_at U2AF1 U2 small nuclear RNA auxiliary factor 1 

202870_s_at CDC20 cell division cycle 20 homolog (S. cerevisiae) 

202896_s_at SIRPA signal-regulatory protein alpha 

202908_at WFS1 Wolfram syndrome 1 (wolframin) 

202917_s_at S100A8 S100 calcium binding protein A8 

202932_at YES1 v-yes-1 Yamaguchi sarcoma viral oncogene homolog 1 

202933_s_at YES1 v-yes-1 Yamaguchi sarcoma viral oncogene homolog 1 

202951_at STK38 serine/threonine kinase 38 

202954_at UBE2C ubiquitin-conjugating enzyme E2C 

202961_s_at ATP5J2 ATP synthase, H+ transporting, mitochondrial F0 complex, subunit F2 

202982_s_at 

ACOT1 /// 

ACOT2 acyl-CoA thioesterase 1 /// acyl-CoA thioesterase 2 

202996_at POLD4 polymerase (DNA-directed), delta 4 

203009_at BCAM basal cell adhesion molecule (Lutheran blood group) 

203045_at NINJ1 ninjurin 1 
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203050_at TP53BP1 tumor protein p53 binding protein 1 

203066_at GALNAC4S-6ST B cell RAG associated protein 

203071_at SEMA3B 

sema domain, immunoglobulin domain (Ig), short basic domain, 

secreted, (semaphorin) 3B 

203073_at COG2 component of oligomeric golgi complex 2 

203120_at TP53BP2 tumor protein p53 binding protein, 2 

203139_at DAPK1 death-associated protein kinase 1 

203143_s_at KIAA0040 KIAA0040 

203144_s_at KIAA0040 KIAA0040 

203149_at PVRL2 poliovirus receptor-related 2 (herpesvirus entry mediator B) 

203173_s_at C16orf62 chromosome 16 open reading frame 62 

203187_at DOCK1 dedicator of cytokinesis 1 

203226_s_at TSPAN31 tetraspanin 31 

203234_at UPP1 uridine phosphorylase 1 

203246_s_at TUSC4 tumor suppressor candidate 4 

203263_s_at ARHGEF9 Cdc42 guanine nucleotide exchange factor (GEF) 9 

203276_at LMNB1 lamin B1 

203283_s_at HS2ST1 heparan sulfate 2-O-sulfotransferase 1 

203287_at LAD1 ladinin 1 

203315_at NCK2 NCK adaptor protein 2 

203358_s_at EZH2 enhancer of zeste homolog 2 (Drosophila) 

203362_s_at MAD2L1 MAD2 mitotic arrest deficient-like 1 (yeast) 

203396_at PSMA4 proteasome (prosome, macropain) subunit, alpha type, 4 

203397_s_at GALNT3 

UDP-N-acetyl-alpha-D-galactosamine:polypeptide N-

acetylgalactosaminyltransferase 3 (GalNAc-T3) 

203405_at PSMG1 proteasome (prosome, macropain) assembly chaperone 1 

203418_at CCNA2 cyclin A2 

203422_at POLD1 polymerase (DNA directed), delta 1, catalytic subunit 125kDa 

203428_s_at ASF1A ASF1 anti-silencing function 1 homolog A (S. cerevisiae) 

203430_at HEBP2 heme binding protein 2 

203438_at STC2 stanniocalcin 2 

203439_s_at STC2 stanniocalcin 2 

203453_at SCNN1A sodium channel, nonvoltage-gated 1 alpha 

203455_s_at SAT1 spermidine/spermine N1-acetyltransferase 1 

203476_at TPBG trophoblast glycoprotein 

203513_at SPG11 spastic paraplegia 11 (autosomal recessive) 

203538_at CAMLG calcium modulating ligand 

203554_x_at PTTG1 pituitary tumor-transforming 1 
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203571_s_at C10orf116 chromosome 10 open reading frame 116 

203604_at ZNF516 zinc finger protein 516 

203614_at UTP14C UTP14, U3 small nucleolar ribonucleoprotein, homolog C (yeast) 

203627_at IGF1R insulin-like growth factor 1 receptor 

203628_at IGF1R insulin-like growth factor 1 receptor 

203647_s_at FDX1 ferredoxin 1 

203657_s_at CTSF cathepsin F 

203663_s_at COX5A cytochrome c oxidase subunit Va 

203682_s_at IVD isovaleryl Coenzyme A dehydrogenase 

203685_at BCL2 B-cell CLL/lymphoma 2 

203692_s_at E2F3 E2F transcription factor 3 

203693_s_at E2F3 E2F transcription factor 3 

203696_s_at RFC2 replication factor C (activator 1) 2, 40kDa 

203702_s_at TTLL4 tubulin tyrosine ligase-like family, member 4 

203710_at ITPR1 inositol 1,4,5-triphosphate receptor, type 1 

203712_at KIAA0020 KIAA0020 

203740_at MPHOSPH6 M-phase phosphoprotein 6 

203749_s_at RARA retinoic acid receptor, alpha 

203755_at BUB1B budding uninhibited by benzimidazoles 1 homolog beta (yeast) 

203756_at ARHGEF17 Rho guanine nucleotide exchange factor (GEF) 17 

203764_at DLGAP5 discs, large (Drosophila) homolog-associated protein 5 

203775_at SLC25A13 solute carrier family 25, member 13 (citrin) 

203805_s_at FANCA Fanconi anemia, complementation group A 

203806_s_at FANCA Fanconi anemia, complementation group A 

203828_s_at IL32 interleukin 32 

203834_s_at TGOLN2 trans-golgi network protein 2 

203856_at VRK1 vaccinia related kinase 1 

203859_s_at PALM paralemmin 

203896_s_at PLCB4 phospholipase C, beta 4 

203921_at CHST2 carbohydrate (N-acetylglucosamine-6-O) sulfotransferase 2 

203927_at NFKBIE 

nuclear factor of kappa light polypeptide gene enhancer in B-cells 

inhibitor, epsilon 

203928_x_at MAPT microtubule-associated protein tau 

203929_s_at MAPT microtubule-associated protein tau 

203930_s_at MAPT microtubule-associated protein tau 

203956_at MORC2 MORC family CW-type zinc finger 2 

203961_at NEBL nebulette 

203962_s_at NEBL nebulette 
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203963_at CA12 carbonic anhydrase XII 

203964_at NMI N-myc (and STAT) interactor 

203975_s_at CHAF1A chromatin assembly factor 1, subunit A (p150) 

203988_s_at FUT8 fucosyltransferase 8 (alpha (1,6) fucosyltransferase) 

204023_at RFC4 replication factor C (activator 1) 4, 37kDa 

204029_at CELSR2 

cadherin, EGF LAG seven-pass G-type receptor 2 (flamingo homolog, 

Drosophila) 

204033_at TRIP13 thyroid hormone receptor interactor 13 

204045_at TCEAL1 transcription elongation factor A (SII)-like 1 

204059_s_at ME1 malic enzyme 1, NADP(+)-dependent, cytosolic 

204060_s_at PRKX /// PRKY protein kinase, X-linked /// protein kinase, Y-linked 

204061_at PRKX protein kinase, X-linked 

204067_at SUOX sulfite oxidase 

204072_s_at FRY furry homolog (Drosophila) 

204088_at P2RX4 purinergic receptor P2X, ligand-gated ion channel, 4 

204092_s_at AURKA aurora kinase A 

204117_at PREP prolyl endopeptidase 

204126_s_at CDC45L CDC45 cell division cycle 45-like (S. cerevisiae) 

204127_at RFC3 replication factor C (activator 1) 3, 38kDa 

204139_x_at MZF1 myeloid zinc finger 1 

204146_at RAD51AP1 RAD51 associated protein 1 

204162_at NDC80 NDC80 homolog, kinetochore complex component (S. cerevisiae) 

204165_at WASF1 WAS protein family, member 1 

204170_s_at CKS2 CDC28 protein kinase regulatory subunit 2 

204197_s_at RUNX3 runt-related transcription factor 3 

204198_s_at RUNX3 runt-related transcription factor 3 

204203_at CEBPG CCAAT/enhancer binding protein (C/EBP), gamma 

204217_s_at RTN2 reticulon 2 

204228_at PPIH peptidylprolyl isomerase H (cyclophilin H) 

204231_s_at FAAH fatty acid amide hydrolase 

204244_s_at DBF4 DBF4 homolog (S. cerevisiae) 

204259_at MMP7 matrix metallopeptidase 7 (matrilysin, uterine) 

204304_s_at PROM1 prominin 1 

204315_s_at GTSE1 G-2 and S-phase expressed 1 

204318_s_at GTSE1 G-2 and S-phase expressed 1 

204343_at ABCA3 ATP-binding cassette, sub-family A (ABC1), member 3 

204372_s_at KHSRP KH-type splicing regulatory protein 

204398_s_at EML2 echinoderm microtubule associated protein like 2 
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204401_at KCNN4 

potassium intermediate/small conductance calcium-activated 

channel, subfamily N, member 4 

204430_s_at SLC2A5 

solute carrier family 2 (facilitated glucose/fructose transporter), 

member 5 

204444_at KIF11 kinesin family member 11 

204470_at CXCL1 

chemokine (C-X-C motif) ligand 1 (melanoma growth stimulating 

activity, alpha) 

204475_at MMP1 matrix metallopeptidase 1 (interstitial collagenase) 

204495_s_at C15orf39 chromosome 15 open reading frame 39 

204497_at ADCY9 adenylate cyclase 9 

204500_s_at AGTPBP1 ATP/GTP binding protein 1 

204508_s_at CA12 carbonic anhydrase XII 

204510_at CDC7 cell division cycle 7 homolog (S. cerevisiae) 

204514_at DPH2 DPH2 homolog (S. cerevisiae) 

204533_at CXCL10 chemokine (C-X-C motif) ligand 10 

204541_at SEC14L2 SEC14-like 2 (S. cerevisiae) 

204558_at RAD54L RAD54-like (S. cerevisiae) 

204568_at KIAA0831 KIAA0831 

204593_s_at SMCR7L Smith-Magenis syndrome chromosome region, candidate 7-like 

204603_at EXO1 exonuclease 1 

204605_at CGRRF1 cell growth regulator with ring finger domain 1 

204613_at PLCG2 phospholipase C, gamma 2 (phosphatidylinositol-specific) 

204623_at TFF3 trefoil factor 3 (intestinal) 

204649_at TROAP trophinin associated protein (tastin) 

204667_at FOXA1 forkhead box A1 

204675_at SRD5A1 

steroid-5-alpha-reductase, alpha polypeptide 1 (3-oxo-5 alpha-

steroid delta 4-dehydrogenase alpha 1) 

204686_at IRS1 insulin receptor substrate 1 

204695_at CDC25A cell division cycle 25 homolog A (S. pombe) 

204702_s_at NFE2L3 nuclear factor (erythroid-derived 2)-like 3 

204703_at IFT88 intraflagellar transport 88 homolog (Chlamydomonas) 

204735_at PDE4A 

phosphodiesterase 4A, cAMP-specific (phosphodiesterase E2 dunce 

homolog, Drosophila) 

204766_s_at NUDT1 nudix (nucleoside diphosphate linked moiety X)-type motif 1 

204767_s_at FEN1 flap structure-specific endonuclease 1 

204769_s_at TAP2 transporter 2, ATP-binding cassette, sub-family B (MDR/TAP) 

204775_at CHAF1B chromatin assembly factor 1, subunit B (p60) 

204785_x_at IFNAR2 interferon (alpha, beta and omega) receptor 2 

204786_s_at IFNAR2 interferon (alpha, beta and omega) receptor 2 
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204798_at MYB v-myb myeloblastosis viral oncogene homolog (avian) 

204820_s_at 

BTN3A2 /// 

BTN3A3 

butyrophilin, subfamily 3, member A2 /// butyrophilin, subfamily 3, 

member A3 

204822_at TTK TTK protein kinase 

204825_at MELK maternal embryonic leucine zipper kinase 

204837_at MTMR9 myotubularin related protein 9 

204862_s_at NME3 non-metastatic cells 3, protein expressed in 

204863_s_at IL6ST interleukin 6 signal transducer (gp130, oncostatin M receptor) 

204881_s_at UGCG UDP-glucose ceramide glucosyltransferase 

204887_s_at PLK4 polo-like kinase 4 (Drosophila) 

204913_s_at SOX11 SRY (sex determining region Y)-box 11 

204914_s_at SOX11 SRY (sex determining region Y)-box 11 

204915_s_at SOX11 SRY (sex determining region Y)-box 11 

204934_s_at HPN hepsin 

204947_at E2F1 E2F transcription factor 1 

204962_s_at CENPA centromere protein A 

204966_at BAI2 brain-specific angiogenesis inhibitor 2 

204975_at EMP2 epithelial membrane protein 2 

205008_s_at CIB2 calcium and integrin binding family member 2 

205009_at TFF1 trefoil factor 1 

205016_at TGFA transforming growth factor, alpha 

205024_s_at RAD51 RAD51 homolog (RecA homolog, E. coli) (S. cerevisiae) 

205030_at FABP7 fatty acid binding protein 7, brain 

205034_at CCNE2 cyclin E2 

205046_at CENPE centromere protein E, 312kDa 

205057_s_at IDUA iduronidase, alpha-L- 

205059_s_at IDUA iduronidase, alpha-L- 

205066_s_at ENPP1 ectonucleotide pyrophosphatase/phosphodiesterase 1 

205074_at SLC22A5 

solute carrier family 22 (organic cation/carnitine transporter), 

member 5 

205081_at CRIP1 cysteine-rich protein 1 (intestinal) 

205109_s_at ARHGEF4 Rho guanine nucleotide exchange factor (GEF) 4 

205141_at ANG angiogenin, ribonuclease, RNase A family, 5 

205158_at RNASE4 ribonuclease, RNase A family, 4 

205160_at PEX11A Peroxisomal biogenesis factor 11 alpha 

205186_at DNALI1 dynein, axonemal, light intermediate chain 1 

205201_at GLI3 GLI family zinc finger 3 

205214_at STK17B serine/threonine kinase 17b 
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205240_at GPSM2 G-protein signaling modulator 2 (AGS3-like, C. elegans) 

205339_at STIL SCL/TAL1 interrupting locus 

205347_s_at TMSB15A thymosin beta 15a 

205354_at GAMT guanidinoacetate N-methyltransferase 

205363_at BBOX1 

butyrobetaine (gamma), 2-oxoglutarate dioxygenase (gamma-

butyrobetaine hydroxylase) 1 

205376_at INPP4B inositol polyphosphate-4-phosphatase, type II, 105kDa 

205379_at CBR3 carbonyl reductase 3 

205380_at PDZK1 PDZ domain containing 1 

205381_at LRRC17 leucine rich repeat containing 17 

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

205403_at IL1R2 interleukin 1 receptor, type II 

205436_s_at H2AFX H2A histone family, member X 

205447_s_at MAP3K12 mitogen-activated protein kinase kinase kinase 12 

205448_s_at MAP3K12 mitogen-activated protein kinase kinase kinase 12 

205471_s_at DACH1 dachshund homolog 1 (Drosophila) 

205487_s_at VGLL1 vestigial like 1 (Drosophila) 

205495_s_at GNLY granulysin 

205548_s_at BTG3 BTG family, member 3 

205569_at LAMP3 lysosomal-associated membrane protein 3 

205593_s_at PDE9A phosphodiesterase 9A 

205596_s_at SMURF2 SMAD specific E3 ubiquitin protein ligase 2 

205597_at SLC44A4 solute carrier family 44, member 4 

205613_at SYT17 synaptotagmin XVII 

205617_at PRRG2 proline rich Gla (G-carboxyglutamic acid) 2 

205644_s_at SNRPG small nuclear ribonucleoprotein polypeptide G 

205646_s_at PAX6 paired box 6 

205671_s_at HLA-DOB major histocompatibility complex, class II, DO beta 

205683_x_at TPSAB1 tryptase alpha/beta 1 

205696_s_at GFRA1 GDNF family receptor alpha 1 

205711_x_at ATP5C1 

ATP synthase, H+ transporting, mitochondrial F1 complex, gamma 

polypeptide 1 

205714_s_at ZMYND10 zinc finger, MYND-type containing 10 

205730_s_at ABLIM3 actin binding LIM protein family, member 3 

205733_at BLM Bloom syndrome, RecQ helicase-like 

205734_s_at AFF3 AF4/FMR2 family, member 3 

205735_s_at AFF3 AF4/FMR2 family, member 3 

205776_at FMO5 flavin containing monooxygenase 5 
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205794_s_at NOVA1 neuro-oncological ventral antigen 1 

205819_at MARCO macrophage receptor with collagenous structure 

205860_x_at FOLH1 folate hydrolase (prostate-specific membrane antigen) 1 

205862_at GREB1 GREB1 protein 

205917_at ZNF264 zinc finger protein 264 

205936_s_at HK3 hexokinase 3 (white cell) 

205943_at TDO2 tryptophan 2,3-dioxygenase 

205948_at PTPRT protein tyrosine phosphatase, receptor type, T 

205967_at HIST1H4C histone cluster 1, H4c 

206023_at NMU neuromedin U 

206055_s_at SNRPA1 small nuclear ribonucleoprotein polypeptide A' 

206060_s_at PTPN22 protein tyrosine phosphatase, non-receptor type 22 (lymphoid) 

206074_s_at HMGA1 high mobility group AT-hook 1 

206081_at SLC24A1 

solute carrier family 24 (sodium/potassium/calcium exchanger), 

member 1 

206102_at GINS1 GINS complex subunit 1 (Psf1 homolog) 

206134_at ADAMDEC1 ADAM-like, decysin 1 

206197_at NME5 

non-metastatic cells 5, protein expressed in (nucleoside-diphosphate 

kinase) 

206214_at PLA2G7 

phospholipase A2, group VII (platelet-activating factor 

acetylhydrolase, plasma) 

206245_s_at IVNS1ABP influenza virus NS1A binding protein 

206307_s_at FOXD1 forkhead box D1 

206364_at KIF14 kinesin family member 14 

206366_x_at XCL1 chemokine (C motif) ligand 1 

206391_at RARRES1 retinoic acid receptor responder (tazarotene induced) 1 

206392_s_at RARRES1 retinoic acid receptor responder (tazarotene induced) 1 

206401_s_at MAPT microtubule-associated protein tau 

206407_s_at CCL13 chemokine (C-C motif) ligand 13 

206469_x_at AKR7A3 

aldo-keto reductase family 7, member A3 (aflatoxin aldehyde 

reductase) 

206486_at LAG3 lymphocyte-activation gene 3 

206499_s_at 

RCC1 /// 

SNHG3-RCC1 

regulator of chromosome condensation 1 /// SNHG3-RCC1 

readthrough transcript 

206503_x_at PML promyelocytic leukemia 

206600_s_at 

LOC100133772 

/// SLC16A5 

similar to MCT /// solute carrier family 16, member 5 

(monocarboxylic acid transporter 6) 

206632_s_at APOBEC3B apolipoprotein B mRNA editing enzyme, catalytic polypeptide-like 3B 

206734_at JRKL jerky homolog-like (mouse) 

206754_s_at CYP2B6 /// cytochrome P450, family 2, subfamily B, polypeptide 6  
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CYP2B7P1 

206869_at CHAD chondroadherin 

206974_at CXCR6 chemokine (C-X-C motif) receptor 6 

207030_s_at CSRP2 cysteine and glycine-rich protein 2 

207038_at SLC16A6 

solute carrier family 16, member 6 (monocarboxylic acid transporter 

7) 

207039_at CDKN2A cyclin-dependent kinase inhibitor 2A (melanoma, p16, inhibits CDK4) 

207076_s_at ASS1 argininosuccinate synthetase 1 

207132_x_at PFDN5 prefoldin subunit 5 

207153_s_at GLMN glomulin, FKBP associated protein 

207170_s_at LETMD1 LETM1 domain containing 1 

207351_s_at SH2D2A SH2 domain protein 2A 

207551_s_at MSL3 male-specific lethal 3 homolog (Drosophila) 

207828_s_at CENPF centromere protein F, 350/400ka (mitosin) 

207843_x_at CYB5A cytochrome b5 type A (microsomal) 

207891_s_at 

HAUS7 /// 

TREX2 

HAUS augmin-like complex, subunit 7 /// three prime repair 

exonuclease 2 

207998_s_at CACNA1D calcium channel, voltage-dependent, L type, alpha 1D subunit 

208030_s_at ADD1 adducin 1 (alpha) 

208079_s_at AURKA aurora kinase A 

208092_s_at FAM49A family with sequence similarity 49, member A 

208103_s_at ANP32E acidic (leucine-rich) nuclear phosphoprotein 32 family, member E 

208140_s_at LRRC48 leucine rich repeat containing 48 

208190_s_at LSR lipolysis stimulated lipoprotein receptor 

208305_at PGR progesterone receptor 

208393_s_at RAD50 RAD50 homolog (S. cerevisiae) 

208433_s_at LRP8 

low density lipoprotein receptor-related protein 8, apolipoprotein e 

receptor 

208451_s_at C4A /// C4B 

complement component 4A (Rodgers blood group) /// complement 

component 4B (Chido blood group) 

208503_s_at GATAD1 GATA zinc finger domain containing 1 

208517_x_at BTF3 basic transcription factor 3 

208611_s_at SPTAN1 spectrin, alpha, non-erythrocytic 1 (alpha-fodrin) 

208613_s_at FLNB filamin B, beta (actin binding protein 278) 

208614_s_at FLNB filamin B, beta (actin binding protein 278) 

208616_s_at PTP4A2 protein tyrosine phosphatase type IVA, member 2 

208627_s_at YBX1 Y box binding protein 1 

208628_s_at YBX1 Y box binding protein 1 

208682_s_at MAGED2 melanoma antigen family D, 2 
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208693_s_at GARS glycyl-tRNA synthetase 

208712_at CCND1 cyclin D1 

208749_x_at FLOT1 flotillin 1 

208764_s_at ATP5G2 

ATP synthase, H+ transporting, mitochondrial F0 complex, subunit C2 

(subunit 9) 

208788_at ELOVL5 

ELOVL family member 5, elongation of long chain fatty acids 

(FEN1/Elo2, SUR4/Elo3-like, yeast) 

208795_s_at MCM7 minichromosome maintenance complex component 7 

208804_s_at SFRS6 splicing factor, arginine/serine-rich 6 

208823_s_at PCTK1 PCTAIRE protein kinase 1 

208836_at ATP1B3 ATPase, Na+/K+ transporting, beta 3 polypeptide 

208870_x_at ATP5C1 

ATP synthase, H+ transporting, mitochondrial F1 complex, gamma 

polypeptide 1 

208873_s_at REEP5 receptor accessory protein 5 

208905_at CYCS cytochrome c, somatic 

208945_s_at BECN1 beclin 1, autophagy related 

208969_at NDUFA9 NADH dehydrogenase (ubiquinone) 1 alpha subcomplex, 9, 39kDa 

209002_s_at CALCOCO1 calcium binding and coiled-coil domain 1 

209004_s_at FBXL5 F-box and leucine-rich repeat protein 5 

209026_x_at TUBB tubulin, beta 

209045_at XPNPEP1 X-prolyl aminopeptidase (aminopeptidase P) 1, soluble 

209123_at QDPR quinoid dihydropteridine reductase 

209150_s_at TM9SF1 transmembrane 9 superfamily member 1 

209155_s_at NT5C2 5'-nucleotidase, cytosolic II 

209172_s_at CENPF centromere protein F, 350/400ka (mitosin) 

209173_at AGR2 anterior gradient homolog 2 (Xenopus laevis) 

209189_at FOS v-fos FBJ murine osteosarcoma viral oncogene homolog 

209195_s_at ADCY6 adenylate cyclase 6 

209204_at LMO4 LIM domain only 4 

209205_s_at LMO4 LIM domain only 4 

209212_s_at KLF5 Kruppel-like factor 5 (intestinal) 

209311_at BCL2L2 BCL2-like 2 

209339_at SIAH2 seven in absentia homolog 2 (Drosophila) 

209341_s_at IKBKB 

inhibitor of kappa light polypeptide gene enhancer in B-cells, kinase 

beta 

209342_s_at IKBKB 

inhibitor of kappa light polypeptide gene enhancer in B-cells, kinase 

beta 

209349_at RAD50 RAD50 homolog (S. cerevisiae) 

209360_s_at RUNX1 runt-related transcription factor 1 
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209366_x_at CYB5A cytochrome b5 type A (microsomal) 

209373_at MALL mal, T-cell differentiation protein-like 

209375_at XPC xeroderma pigmentosum, complementation group C 

209408_at KIF2C kinesin family member 2C 

209443_at SERPINA5 

serpin peptidase inhibitor, clade A (alpha-1 antiproteinase, 

antitrypsin), member 5 

209459_s_at ABAT 4-aminobutyrate aminotransferase 

209460_at ABAT 4-aminobutyrate aminotransferase 

209464_at AURKB aurora kinase B 

209545_s_at RIPK2 receptor-interacting serine-threonine kinase 2 

209602_s_at GATA3 GATA binding protein 3 

209603_at GATA3 GATA binding protein 3 

209604_s_at GATA3 GATA binding protein 3 

209623_at MCCC2 methylcrotonoyl-Coenzyme A carboxylase 2 (beta) 

209624_s_at MCCC2 methylcrotonoyl-Coenzyme A carboxylase 2 (beta) 

209626_s_at OSBPL3 oxysterol binding protein-like 3 

209642_at BUB1 budding uninhibited by benzimidazoles 1 homolog (yeast) 

209644_x_at CDKN2A cyclin-dependent kinase inhibitor 2A (melanoma, p16, inhibits CDK4) 

209680_s_at KIFC1 kinesin family member C1 

209681_at SLC19A2 solute carrier family 19 (thiamine transporter), member 2 

209696_at FBP1 fructose-1,6-bisphosphatase 1 

209714_s_at CDKN3 cyclin-dependent kinase inhibitor 3 

209740_s_at PNPLA4 patatin-like phospholipase domain containing 4 

209747_at TGFB3 transforming growth factor, beta 3 

209770_at BTN3A1 butyrophilin, subfamily 3, member A1 

209773_s_at RRM2 ribonucleotide reductase M2 polypeptide 

209791_at PADI2 peptidyl arginine deiminase, type II 

209799_at PRKAA1 protein kinase, AMP-activated, alpha 1 catalytic subunit 

209800_at KRT16 keratin 16 

209825_s_at UCK2 uridine-cytidine kinase 2 

209832_s_at CDT1 chromatin licensing and DNA replication factor 1 

209870_s_at APBA2 amyloid beta (A4) precursor protein-binding, family A, member 2 

209871_s_at APBA2 amyloid beta (A4) precursor protein-binding, family A, member 2 

209885_at RHOD ras homolog gene family, member D 

209924_at CCL18 

chemokine (C-C motif) ligand 18 (pulmonary and activation-

regulated) 

209934_s_at ATP2C1 ATPase, Ca++ transporting, type 2C, member 1 

209939_x_at CFLAR CASP8 and FADD-like apoptosis regulator 
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209990_s_at GABBR2 gamma-aminobutyric acid (GABA) B receptor, 2 

210006_at ABHD14A abhydrolase domain containing 14A 

210024_s_at UBE2E3 ubiquitin-conjugating enzyme E2E 3 (UBC4/5 homolog, yeast) 

210026_s_at CARD10 caspase recruitment domain family, member 10 

210029_at IDO1 indoleamine 2,3-dioxygenase 1 

210052_s_at TPX2 TPX2, microtubule-associated, homolog (Xenopus laevis) 

210053_at TAF5 

TAF5 RNA polymerase II, TATA box binding protein (TBP)-associated 

factor, 100kDa 

210074_at CTSL2 cathepsin L2 

210085_s_at ANXA9 annexin A9 

210093_s_at MAGOH mago-nashi homolog, proliferation-associated (Drosophila) 

210108_at CACNA1D calcium channel, voltage-dependent, L type, alpha 1D subunit 

210139_s_at PMP22 peripheral myelin protein 22 

210142_x_at FLOT1 flotillin 1 

210163_at CXCL11 chemokine (C-X-C motif) ligand 11 

210164_at GZMB 

granzyme B (granzyme 2, cytotoxic T-lymphocyte-associated serine 

esterase 1) 

210239_at IRX5 iroquois homeobox 5 

210272_at CYP2B7P1 cytochrome P450, family 2, subfamily B, polypeptide 7 pseudogene 1 

210347_s_at BCL11A B-cell CLL/lymphoma 11A (zinc finger protein) 

210354_at IFNG interferon, gamma 

210357_s_at SMOX spermine oxidase 

210466_s_at SERBP1 SERPINE1 mRNA binding protein 1 

210546_x_at 

CTAG1A /// 

CTAG1B cancer/testis antigen 1A /// cancer/testis antigen 1B 

210648_x_at SNX3 sorting nexin 3 

210652_s_at TTC39A tetratricopeptide repeat domain 39A 

210735_s_at CA12 carbonic anhydrase XII 

210821_x_at CENPA centromere protein A 

210826_x_at RAD17 RAD17 homolog (S. pombe) 

210908_s_at PFDN5 prefoldin subunit 5 

210958_s_at MAST4 microtubule associated serine/threonine kinase family member 4 

210959_s_at SRD5A1 

steroid-5-alpha-reductase, alpha polypeptide 1 (3-oxo-5 alpha-

steroid delta 4-dehydrogenase alpha 1) 

210983_s_at MCM7 minichromosome maintenance complex component 7 

210995_s_at TRIM23 tripartite motif-containing 23 

211000_s_at IL6ST interleukin 6 signal transducer (gp130, oncostatin M receptor) 

211013_x_at PML promyelocytic leukemia 

211042_x_at MCAM melanoma cell adhesion molecule 
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211056_s_at SRD5A1 

steroid-5-alpha-reductase, alpha polypeptide 1 (3-oxo-5 alpha-

steroid delta 4-dehydrogenase alpha 1) 

211122_s_at CXCL11 chemokine (C-X-C motif) ligand 11 

211248_s_at CHRD chordin 

211519_s_at KIF2C kinesin family member 2C 

211596_s_at LRIG1 leucine-rich repeats and immunoglobulin-like domains 1 

211605_s_at RARA retinoic acid receptor, alpha 

211674_x_at 

CTAG1A /// 

CTAG1B cancer/testis antigen 1A /// cancer/testis antigen 1B 

211679_x_at GABBR2 gamma-aminobutyric acid (GABA) B receptor, 2 

211712_s_at ANXA9 annexin A9 

211714_x_at TUBB tubulin, beta 

211725_s_at BID BH3 interacting domain death agonist 

211764_s_at UBE2D1 ubiquitin-conjugating enzyme E2D 1 (UBC4/5 homolog, yeast) 

211938_at EIF4B eukaryotic translation initiation factor 4B 

211939_x_at BTF3 basic transcription factor 3 

211967_at TMEM123 transmembrane protein 123 

211986_at AHNAK AHNAK nucleoprotein 

212020_s_at MKI67 antigen identified by monoclonal antibody Ki-67 

212022_s_at MKI67 antigen identified by monoclonal antibody Ki-67 

212023_s_at MKI67 antigen identified by monoclonal antibody Ki-67 

212099_at RHOB ras homolog gene family, member B 

212141_at MCM4 minichromosome maintenance complex component 4 

212153_at POGZ pogo transposable element with ZNF domain 

212156_at VPS39 vacuolar protein sorting 39 homolog (S. cerevisiae) 

212195_at IL6ST interleukin 6 signal transducer (gp130, oncostatin M receptor) 

212196_at IL6ST interleukin 6 signal transducer (gp130, oncostatin M receptor) 

212207_at MED13L mediator complex subunit 13-like 

212208_at MED13L mediator complex subunit 13-like 

212209_at MED13L mediator complex subunit 13-like 

212219_at PSME4 proteasome (prosome, macropain) activator subunit 4 

212220_at PSME4 proteasome (prosome, macropain) activator subunit 4 

212242_at TUBA4A tubulin, alpha 4a 

212247_at NUP205 nucleoporin 205kDa 

212274_at LPIN1 lipin 1 

212276_at LPIN1 lipin 1 

212294_at GNG12 guanine nucleotide binding protein (G protein), gamma 12 

212314_at KIAA0746 KIAA0746 protein 
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212360_at AMPD2 adenosine monophosphate deaminase 2 (isoform L) 

212378_at GART 

phosphoribosylglycinamide formyltransferase, 

phosphoribosylglycinamide synthetase 

212403_at UBE3B ubiquitin protein ligase E3B 

212416_at SCAMP1 secretory carrier membrane protein 1 

212419_at ZCCHC24 zinc finger, CCHC domain containing 24 

212423_at ZCCHC24 zinc finger, CCHC domain containing 24 

212426_s_at YWHAQ 

tyrosine 3-monooxygenase/tryptophan 5-monooxygenase activation 

protein, theta polypeptide 

212430_at RBM38 RNA binding motif protein 38 

212441_at KIAA0232 KIAA0232 

212442_s_at LASS6 LAG1 homolog, ceramide synthase 6 

212462_at MYST4 MYST histone acetyltransferase (monocytic leukemia) 4 

212492_s_at KDM4B lysine (K)-specific demethylase 4B 

212494_at TENC1 tensin like C1 domain containing phosphatase (tensin 2) 

212495_at KDM4B lysine (K)-specific demethylase 4B 

212496_s_at KDM4B lysine (K)-specific demethylase 4B 

212501_at CEBPB CCAAT/enhancer binding protein (C/EBP), beta 

212508_at MOAP1 modulator of apoptosis 1 

212510_at GPD1L glycerol-3-phosphate dehydrogenase 1-like 

212527_at PPPDE2 PPPDE peptidase domain containing 2 

212551_at CAP2 CAP, adenylate cyclase-associated protein, 2 (yeast) 

212554_at CAP2 CAP, adenylate cyclase-associated protein, 2 (yeast) 

212638_s_at WWP1 WW domain containing E3 ubiquitin protein ligase 1 

212660_at PHF15 PHD finger protein 15 

212678_at NF1 neurofibromin 1 

212680_x_at PPP1R14B protein phosphatase 1, regulatory (inhibitor) subunit 14B 

212692_s_at LRBA LPS-responsive vesicle trafficking, beach and anchor containing 

212697_at FAM134C family with sequence similarity 134, member C 

212715_s_at MICAL3 

microtubule associated monoxygenase, calponin and LIM domain 

containing 3 

212744_at BBS4 Bardet-Biedl syndrome 4 

212745_s_at BBS4 Bardet-Biedl syndrome 4 

212770_at TLE3 transducin-like enhancer of split 3 (E(sp1) homolog, Drosophila) 

212780_at SOS1 son of sevenless homolog 1 (Drosophila) 

212816_s_at CBS cystathionine-beta-synthase 

212846_at RRP1B ribosomal RNA processing 1 homolog B (S. cerevisiae) 

212885_at MPHOSPH10 M-phase phosphoprotein 10 (U3 small nucleolar ribonucleoprotein) 

212908_at DNAJC16 DnaJ (Hsp40) homolog, subfamily C, member 16 
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212911_at DNAJC16 DnaJ (Hsp40) homolog, subfamily C, member 16 

212949_at NCAPH non-SMC condensin I complex, subunit H 

212956_at TBC1D9 TBC1 domain family, member 9 (with GRAM domain) 

212960_at TBC1D9 TBC1 domain family, member 9 (with GRAM domain) 

212970_at APBB2 amyloid beta (A4) precursor protein-binding, family B, member 2 

212978_at LRRC8B leucine rich repeat containing 8 family, member B 

212995_x_at FAM128B family with sequence similarity 128, member B 

213007_at FANCI Fanconi anemia, complementation group I 

213008_at FANCI Fanconi anemia, complementation group I 

213018_at GATAD1 GATA zinc finger domain containing 1 

213058_at TTC28 tetratricopeptide repeat domain 28 

213063_at ZC3H14 zinc finger CCCH-type containing 14 

213064_at ZC3H14 zinc finger CCCH-type containing 14 

213088_s_at DNAJC9 DnaJ (Hsp40) homolog, subfamily C, member 9 

213097_s_at DNAJC2 DnaJ (Hsp40) homolog, subfamily C, member 2 

213101_s_at ACTR3 ARP3 actin-related protein 3 homolog (yeast) 

213103_at STARD13 StAR-related lipid transfer (START) domain containing 13 

213110_s_at COL4A5 collagen, type IV, alpha 5 

213113_s_at SLC43A3 solute carrier family 43, member 3 

213123_at MFAP3 microfibrillar-associated protein 3 

213134_x_at BTG3 BTG family, member 3 

213136_at PTPN2 protein tyrosine phosphatase, non-receptor type 2 

213137_s_at PTPN2 protein tyrosine phosphatase, non-receptor type 2 

213166_x_at FAM128A family with sequence similarity 128, member A 

213185_at KIAA0556 KIAA0556 

213226_at CCNA2 cyclin A2 

213234_at KIAA1467 KIAA1467 

213245_at ADCY1 adenylate cyclase 1 (brain) 

213260_at FOXC1 forkhead box C1 

213279_at DHRS1 dehydrogenase/reductase (SDR family) member 1 

213283_s_at SALL2 sal-like 2 (Drosophila) 

213285_at TMEM30B transmembrane protein 30B 

213304_at FAM179B family with sequence similarity 179, member B 

213334_x_at HAUS7 HAUS augmin-like complex, subunit 7 

213345_at NFATC4 

nuclear factor of activated T-cells, cytoplasmic, calcineurin-

dependent 4 

213366_x_at ATP5C1 

ATP synthase, H+ transporting, mitochondrial F1 complex, gamma 

polypeptide 1 



 

151 

 

213392_at IQCK IQ motif containing K 

213397_x_at RNASE4 ribonuclease, RNase A family, 4 

213419_at APBB2 amyloid beta (A4) precursor protein-binding, family B, member 2 

213427_at RPP40 ribonuclease P/MRP 40kDa subunit 

213512_at C14orf79 chromosome 14 open reading frame 79 

213523_at CCNE1 cyclin E1 

213540_at HSD17B8 hydroxysteroid (17-beta) dehydrogenase 8 

213564_x_at LDHB lactate dehydrogenase B 

213571_s_at EIF4E2 eukaryotic translation initiation factor 4E family member 2 

213599_at OIP5 Opa interacting protein 5 

213627_at MAGED2 melanoma antigen family D, 2 

213639_s_at ZNF500 zinc finger protein 500 

213647_at DNA2 DNA replication helicase 2 homolog (yeast) 

213702_x_at ASAH1 N-acylsphingosine amidohydrolase (acid ceramidase) 1 

213707_s_at DLX5 distal-less homeobox 5 

213712_at ELOVL2 

elongation of very long chain fatty acids (FEN1/Elo2, SUR4/Elo3, 

yeast)-like 2 

213923_at RAP2B RAP2B, member of RAS oncogene family 

213933_at PTGER3 prostaglandin E receptor 3 (subtype EP3) 

213941_x_at RPS7 ribosomal protein S7 

214049_x_at CD7 CD7 molecule 

214051_at TMSB15B thymosin beta 15B 

214053_at ERBB4 v-erb-a erythroblastic leukemia viral oncogene homolog 4 (avian) 

214077_x_at MEIS3P1 Meis homeobox 3 pseudogene 1 

214088_s_at FUT3 

fucosyltransferase 3 (galactoside 3(4)-L-fucosyltransferase, Lewis 

blood group) 

214104_at GPR161 G protein-coupled receptor 161 

214106_s_at GMDS GDP-mannose 4,6-dehydratase 

214109_at LRBA LPS-responsive vesicle trafficking, beach and anchor containing 

214164_x_at CA12 carbonic anhydrase XII 

214259_s_at AKR7A2 

aldo-keto reductase family 7, member A2 (aflatoxin aldehyde 

reductase) 

214334_x_at DAZAP2 DAZ associated protein 2 

214426_x_at CHAF1A chromatin assembly factor 1, subunit A (p150) 

214428_x_at C4A /// C4B 

complement component 4A (Rodgers blood group) /// complement 

component 4B (Chido blood group) 

214431_at GMPS guanine monphosphate synthetase 

214433_s_at SELENBP1 selenium binding protein 1 

214440_at NAT1 N-acetyltransferase 1 (arylamine N-acetyltransferase) 
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214552_s_at RABEP1 rabaptin, RAB GTPase binding effector protein 1 

214567_s_at XCL1 /// XCL2 chemokine (C motif) ligand 1 /// chemokine (C motif) ligand 2 

214595_at KCNG1 potassium voltage-gated channel, subfamily G, member 1 

214617_at PRF1 perforin 1 (pore forming protein) 

214705_at INADL InaD-like (Drosophila) 

214710_s_at CCNB1 cyclin B1 

214735_at IPCEF1 interaction protein for cytohesin exchange factors 1 

214736_s_at ADD1 adducin 1 (alpha) 

214745_at PLCH1 phospholipase C, eta 1 

214838_at SFT2D2 SFT2 domain containing 2 

214855_s_at GARNL1 GTPase activating Rap/RanGAP domain-like 1 

214919_s_at 

ANKHD1-

EIF4EBP3 /// 

EIF4EBP3 

ANKHD1-EIF4EBP3 readthrough transcript /// eukaryotic translation 

initiation factor 4E binding protein 3 

214924_s_at TRAK1 trafficking protein, kinesin binding 1 

215001_s_at GLUL glutamate-ammonia ligase (glutamine synthetase) 

215223_s_at SOD2 superoxide dismutase 2, mitochondrial 

215616_s_at KDM4B lysine (K)-specific demethylase 4B 

215726_s_at CYB5A cytochrome b5 type A (microsomal) 

215807_s_at PLXNB1 plexin B1 

215867_x_at CA12 carbonic anhydrase XII 

215942_s_at GTSE1 G-2 and S-phase expressed 1 

215947_s_at FAM136A family with sequence similarity 136, member A 

215994_x_at TBC1D9B TBC1 domain family, member 9B (with GRAM domain) 

216010_x_at FUT3 

fucosyltransferase 3 (galactoside 3(4)-L-fucosyltransferase, Lewis 

blood group) 

216092_s_at SLC7A8 

solute carrier family 7 (cationic amino acid transporter, y+ system), 

member 8 

216237_s_at MCM5 minichromosome maintenance complex component 5 

216264_s_at LAMB2 laminin, beta 2 (laminin S) 

216267_s_at TMEM115 transmembrane protein 115 

216300_x_at RARA retinoic acid receptor, alpha 

216381_x_at AKR7A3 

aldo-keto reductase family 7, member A3 (aflatoxin aldehyde 

reductase) 

216560_x_at IGL@ immunoglobulin lambda locus 

216885_s_at WDR42A WD repeat domain 42A 

216905_s_at ST14 suppression of tumorigenicity 14 (colon carcinoma) 

216952_s_at LMNB2 lamin B2 

216977_x_at SNRPA1 small nuclear ribonucleoprotein polypeptide A' 
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216988_s_at PTP4A2 protein tyrosine phosphatase type IVA, member 2 

217499_x_at OR7E37P olfactory receptor, family 7, subfamily E, member 37 pseudogene 

217770_at PIGT phosphatidylinositol glycan anchor biosynthesis, class T 

217794_at PRR13 proline rich 13 

217832_at SYNCRIP synaptotagmin binding, cytoplasmic RNA interacting protein 

217834_s_at SYNCRIP synaptotagmin binding, cytoplasmic RNA interacting protein 

217838_s_at EVL Enah/Vasp-like 

217844_at CTDSP1 

CTD (carboxy-terminal domain, RNA polymerase II, polypeptide A) 

small phosphatase 1 

217870_s_at CMPK1 cytidine monophosphate (UMP-CMP) kinase 1, cytosolic 

217892_s_at LIMA1 LIM domain and actin binding 1 

217894_at KCTD3 potassium channel tetramerisation domain containing 3 

217905_at C10orf119 chromosome 10 open reading frame 119 

217906_at KLHDC2 kelch domain containing 2 

217914_at TPCN1 two pore segment channel 1 

217938_s_at KCMF1 potassium channel modulatory factor 1 

217972_at CHCHD3 coiled-coil-helix-coiled-coil-helix domain containing 3 

217979_at TSPAN13 tetraspanin 13 

217990_at GMPR2 guanosine monophosphate reductase 2 

218002_s_at CXCL14 chemokine (C-X-C motif) ligand 14 

218009_s_at PRC1 protein regulator of cytokinesis 1 

218018_at PDXK pyridoxal (pyridoxine, vitamin B6) kinase 

218035_s_at RBM47 RNA binding motif protein 47 

218037_at FAM134A family with sequence similarity 134, member A 

218039_at NUSAP1 nucleolar and spindle associated protein 1 

218051_s_at NT5DC2 5'-nucleotidase domain containing 2 

218065_s_at TMEM9B TMEM9 domain family, member B 

218086_at NPDC1 neural proliferation, differentiation and control, 1 

218094_s_at 

DBNDD2 /// 

SYS1-DBNDD2 

dysbindin (dystrobrevin binding protein 1) domain containing 2 /// 

SYS1-DBNDD2 readthrough transcript 

218104_at TEX10 testis expressed 10 

218131_s_at GATAD2A GATA zinc finger domain containing 2A 

218146_at GLT8D1 glycosyltransferase 8 domain containing 1 

218193_s_at GOLT1B golgi transport 1 homolog B (S. cerevisiae) 

218195_at C6orf211 chromosome 6 open reading frame 211 

218211_s_at MLPH melanophilin 

218223_s_at PLEKHO1 pleckstrin homology domain containing, family O member 1 

218230_at ARFIP1 ADP-ribosylation factor interacting protein 1 
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218235_s_at UTP11L UTP11-like, U3 small nucleolar ribonucleoprotein, (yeast) 

218243_at RUFY1 RUN and FYVE domain containing 1 

218259_at MKL2 MKL/myocardin-like 2 

218262_at RMND5B required for meiotic nuclear division 5 homolog B (S. cerevisiae) 

218308_at TACC3 transforming, acidic coiled-coil containing protein 3 

218319_at PELI1 pellino homolog 1 (Drosophila) 

218328_at COQ4 coenzyme Q4 homolog (S. cerevisiae) 

218336_at PFDN2 prefoldin subunit 2 

218349_s_at ZWILCH Zwilch, kinetochore associated, homolog (Drosophila) 

218353_at RGS5 regulator of G-protein signaling 5 

218355_at KIF4A kinesin family member 4A 

218374_s_at C12orf4 chromosome 12 open reading frame 4 

218394_at ROGDI rogdi homolog (Drosophila) 

218437_s_at LZTFL1 leucine zipper transcription factor-like 1 

218440_at MCCC1 methylcrotonoyl-Coenzyme A carboxylase 1 (alpha) 

218445_at H2AFY2 H2A histone family, member Y2 

218447_at C16orf61 chromosome 16 open reading frame 61 

218471_s_at BBS1 Bardet-Biedl syndrome 1 

218487_at ALAD aminolevulinate, delta-, dehydratase 

218496_at RNASEH1 ribonuclease H1 

218497_s_at RNASEH1 ribonuclease H1 

218499_at RP6-213H19.1 serine/threonine protein kinase MST4 

218502_s_at TRPS1 trichorhinophalangeal syndrome I 

218510_x_at FAM134B family with sequence similarity 134, member B 

218512_at WDR12 WD repeat domain 12 

218532_s_at FAM134B family with sequence similarity 134, member B 

218537_at HCFC1R1 host cell factor C1 regulator 1 (XPO1 dependent) 

218540_at THTPA thiamine triphosphatase 

218542_at CEP55 centrosomal protein 55kDa 

218552_at ECHDC2 enoyl Coenzyme A hydratase domain containing 2 

218564_at RFWD3 ring finger and WD repeat domain 3 

218572_at CHMP4A chromatin modifying protein 4A 

218584_at TCTN1 tectonic family member 1 

218588_s_at FAM114A2 family with sequence similarity 114, member A2 

218593_at RBM28 RNA binding motif protein 28 

218600_at LIMD2 LIM domain containing 2 

218617_at TRIT1 tRNA isopentenyltransferase 1 
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218620_s_at HEMK1 HemK methyltransferase family member 1 

218660_at DYSF dysferlin, limb girdle muscular dystrophy 2B (autosomal recessive) 

218662_s_at NCAPG non-SMC condensin I complex, subunit G 

218663_at NCAPG non-SMC condensin I complex, subunit G 

218684_at LRRC8D leucine rich repeat containing 8 family, member D 

218686_s_at RHBDF1 rhomboid 5 homolog 1 (Drosophila) 

218692_at GOLSYN Golgi-localized protein 

218726_at HJURP Holliday junction recognition protein 

218741_at CENPM centromere protein M 

218755_at KIF20A kinesin family member 20A 

218757_s_at UPF3B UPF3 regulator of nonsense transcripts homolog B (yeast) 

218758_s_at RRP1 ribosomal RNA processing 1 homolog (S. cerevisiae) 

218763_at STX18 syntaxin 18 

218769_s_at ANKRA2 ankyrin repeat, family A (RFXANK-like), 2 

218774_at DCPS decapping enzyme, scavenger 

218806_s_at VAV3 vav 3 guanine nucleotide exchange factor 

218807_at VAV3 vav 3 guanine nucleotide exchange factor 

218813_s_at SH3GLB2 SH3-domain GRB2-like endophilin B2 

218834_s_at TMEM132A transmembrane protein 132A 

218856_at TNFRSF21 tumor necrosis factor receptor superfamily, member 21 

218862_at ASB13 ankyrin repeat and SOCS box-containing 13 

218877_s_at TRMT11 tRNA methyltransferase 11 homolog (S. cerevisiae) 

218882_s_at WDR3 WD repeat domain 3 

218886_at PAK1IP1 PAK1 interacting protein 1 

218894_s_at MAGOHB mago-nashi homolog B (Drosophila) 

218921_at SIGIRR single immunoglobulin and toll-interleukin 1 receptor (TIR) domain 

218931_at RAB17 RAB17, member RAS oncogene family 

218949_s_at QRSL1 glutaminyl-tRNA synthase (glutamine-hydrolyzing)-like 1 

218966_at MYO5C myosin VC 

218976_at DNAJC12 DnaJ (Hsp40) homolog, subfamily C, member 12 

218987_at ATF7IP activating transcription factor 7 interacting protein 

219000_s_at DSCC1 defective in sister chromatid cohesion 1 homolog (S. cerevisiae) 

219001_s_at WDR32 WD repeat domain 32 

219004_s_at C21orf45 chromosome 21 open reading frame 45 

219006_at NDUFAF4 

NADH dehydrogenase (ubiquinone) 1 alpha subcomplex, assembly 

factor 4 

219010_at C1orf106 chromosome 1 open reading frame 106 

219051_x_at METRN meteorin, glial cell differentiation regulator 
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219065_s_at MEMO1 mediator of cell motility 1 

219083_at SHQ1 SHQ1 homolog (S. cerevisiae) 

219087_at ASPN asporin 

219105_x_at ORC6L origin recognition complex, subunit 6 like (yeast) 

219114_at C3orf18 chromosome 3 open reading frame 18 

219143_s_at RPP25 ribonuclease P/MRP 25kDa subunit 

219153_s_at THSD4 thrombospondin, type I, domain containing 4 

219197_s_at SCUBE2 signal peptide, CUB domain, EGF-like 2 

219202_at RHBDF2 rhomboid 5 homolog 2 (Drosophila) 

219206_x_at TMBIM4 transmembrane BAX inhibitor motif containing 4 

219209_at IFIH1 interferon induced with helicase C domain 1 

219222_at RBKS ribokinase 

219241_x_at SSH3 slingshot homolog 3 (Drosophila) 

219286_s_at RBM15 RNA binding motif protein 15 

219306_at KIF15 kinesin family member 15 

219317_at POLI polymerase (DNA directed) iota 

219385_at SLAMF8 SLAM family member 8 

219386_s_at SLAMF8 SLAM family member 8 

219414_at CLSTN2 calsyntenin 2 

219438_at NKAIN1 Na+/K+ transporting ATPase interacting 1 

219439_at C1GALT1 

core 1 synthase, glycoprotein-N-acetylgalactosamine 3-beta-

galactosyltransferase, 1 

219440_at RAI2 retinoic acid induced 2 

219453_at KLHL36 kelch-like 36 (Drosophila) 

219454_at EGFL6 EGF-like-domain, multiple 6 

219455_at C7orf63 chromosome 7 open reading frame 63 

219463_at C20orf103 chromosome 20 open reading frame 103 

219469_at DYNC2H1 dynein, cytoplasmic 2, heavy chain 1 

219470_x_at CCNJ cyclin J 

219497_s_at BCL11A B-cell CLL/lymphoma 11A (zinc finger protein) 

219498_s_at BCL11A B-cell CLL/lymphoma 11A (zinc finger protein) 

219542_at NEK11 NIMA (never in mitosis gene a)- related kinase 11 

219544_at C13orf34 chromosome 13 open reading frame 34 

219555_s_at CENPN centromere protein N 

219570_at KIF16B kinesin family member 16B 

219588_s_at NCAPG2 non-SMC condensin II complex, subunit G2 

219609_at WDR25 WD repeat domain 25 

219615_s_at KCNK5 potassium channel, subfamily K, member 5 
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219634_at CHST11 carbohydrate (chondroitin 4) sulfotransferase 11 

219646_at DEF8 differentially expressed in FDCP 8 homolog (mouse) 

219648_at MREG melanoregulin 

219682_s_at TBX3 T-box 3 

219686_at STK32B serine/threonine kinase 32B 

219687_at HHAT hedgehog acyltransferase 

219753_at STAG3 stromal antigen 3 

219786_at MTL5 metallothionein-like 5, testis-specific (tesmin) 

219787_s_at ECT2 epithelial cell transforming sequence 2 oncogene 

219806_s_at C11orf75 chromosome 11 open reading frame 75 

219833_s_at EFHC1 EF-hand domain (C-terminal) containing 1 

219862_s_at NARF nuclear prelamin A recognition factor 

219882_at TTLL7 tubulin tyrosine ligase-like family, member 7 

219918_s_at ASPM 

asp (abnormal spindle) homolog, microcephaly associated 

(Drosophila) 

219919_s_at SSH3 slingshot homolog 3 (Drosophila) 

219922_s_at LTBP3 latent transforming growth factor beta binding protein 3 

219956_at GALNT6 

UDP-N-acetyl-alpha-D-galactosamine:polypeptide N-

acetylgalactosaminyltransferase 6 (GalNAc-T6) 

219978_s_at NUSAP1 nucleolar and spindle associated protein 1 

219981_x_at ZNF587 zinc finger protein 587 

220094_s_at CCDC90A coiled-coil domain containing 90A 

220134_x_at FAM176B family with sequence similarity 176, member B 

220147_s_at FAM60A family with sequence similarity 60, member A 

220173_at C14orf45 chromosome 14 open reading frame 45 

220192_x_at SPDEF SAM pointed domain containing ets transcription factor 

220239_at KLHL7 kelch-like 7 (Drosophila) 

220255_at FANCE Fanconi anemia, complementation group E 

220260_at TBC1D19 TBC1 domain family, member 19 

220559_at EN1 engrailed homeobox 1 

220581_at C6orf97 chromosome 6 open reading frame 97 

220613_s_at SYTL2 synaptotagmin-like 2 

220624_s_at ELF5 E74-like factor 5 (ets domain transcription factor) 

220625_s_at ELF5 E74-like factor 5 (ets domain transcription factor) 

220651_s_at MCM10 minichromosome maintenance complex component 10 

220658_s_at ARNTL2 aryl hydrocarbon receptor nuclear translocator-like 2 

220744_s_at IFT122 intraflagellar transport 122 homolog (Chlamydomonas) 

220865_s_at PDSS1 prenyl (decaprenyl) diphosphate synthase, subunit 1 
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220892_s_at PSAT1 phosphoserine aminotransferase 1 

220917_s_at WDR19 WD repeat domain 19 

220956_s_at EGLN2 egl nine homolog 2 (C. elegans) 

221012_s_at TRIM8 tripartite motif-containing 8 

221046_s_at GTPBP8 GTP-binding protein 8 (putative) 

221059_s_at COTL1 coactosin-like 1 (Dictyostelium) 

221139_s_at CSAD cysteine sulfinic acid decarboxylase 

221203_s_at YEATS2 YEATS domain containing 2 

221215_s_at RIPK4 receptor-interacting serine-threonine kinase 4 

221223_x_at CISH cytokine inducible SH2-containing protein 

221253_s_at TXNDC5 thioredoxin domain containing 5 (endoplasmic reticulum) 

221272_s_at C1orf21 chromosome 1 open reading frame 21 

221276_s_at SYNC syncoilin, intermediate filament protein 

221277_s_at PUS3 pseudouridylate synthase 3 

221436_s_at CDCA3 cell division cycle associated 3 

221472_at SERINC3 serine incorporator 3 

221477_s_at SOD2 superoxide dismutase 2, mitochondrial 

221505_at ANP32E acidic (leucine-rich) nuclear phosphoprotein 32 family, member E 

221510_s_at GLS glutaminase 

221516_s_at SMCR7L Smith-Magenis syndrome chromosome region, candidate 7-like 

221520_s_at CDCA8 cell division cycle associated 8 

221523_s_at RRAGD Ras-related GTP binding D 

221524_s_at RRAGD Ras-related GTP binding D 

221562_s_at SIRT3 

sirtuin (silent mating type information regulation 2 homolog) 3 (S. 

cerevisiae) 

221580_s_at TAF1D 

TATA box binding protein (TBP)-associated factor, RNA polymerase I, 

D, 41kDa 

221591_s_at FAM64A family with sequence similarity 64, member A 

221598_s_at 

LOC100131612 

/// MED27 

similar to cofactor required for Sp1 transcriptional activation, subunit 

8, 34kDa /// mediator complex subunit 27 

221614_s_at RPH3AL rabphilin 3A-like (without C2 domains) 

221641_s_at ACOT9 acyl-CoA thioesterase 9 

221652_s_at C12orf11 chromosome 12 open reading frame 11 

221677_s_at DONSON downstream neighbor of SON 

221698_s_at CLEC7A C-type lectin domain family 7, member A 

221710_x_at 

FAM176B /// 

LOC100133999 

family with sequence similarity 176, member B /// hypothetical 

protein LOC100133999 

221750_at HMGCS1 3-hydroxy-3-methylglutaryl-Coenzyme A synthase 1 (soluble) 

221759_at G6PC3 glucose 6 phosphatase, catalytic, 3 
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221779_at MICALL1 MICAL-like 1 

221823_at C5orf30 chromosome 5 open reading frame 30 

221830_at RAP2A RAP2A, member of RAS oncogene family 

221842_s_at ZNF131 zinc finger protein 131 

221854_at PKP1 plakophilin 1 (ectodermal dysplasia/skin fragility syndrome) 

221856_s_at FAM63A family with sequence similarity 63, member A 

221864_at ORAI3 ORAI calcium release-activated calcium modulator 3 

221872_at RARRES1 retinoic acid receptor responder (tazarotene induced) 1 

221913_at SIRT3 

sirtuin (silent mating type information regulation 2 homolog) 3 (S. 

cerevisiae) 

221922_at GPSM2 G-protein signaling modulator 2 (AGS3-like, C. elegans) 

221934_s_at 

DALRD3 /// 

LOC100133719 

DALR anticodon binding domain containing 3 /// similar to DALR 

anticodon binding domain containing 3 

221946_at C9orf116 chromosome 9 open reading frame 116 

221959_at FAM110B family with sequence similarity 110, member B 

221985_at KLHL24 kelch-like 24 (Drosophila) 

222010_at TCP1 t-complex 1 

222039_at KIF18B kinesin family member 18B 

222125_s_at P4HTM prolyl 4-hydroxylase, transmembrane (endoplasmic reticulum) 

222201_s_at CASP8AP2 caspase 8 associated protein 2 

222212_s_at LASS2 LAG1 homolog, ceramide synthase 2 

222257_s_at ACE2 angiotensin I converting enzyme (peptidyl-dipeptidase A) 2 

222327_x_at OR7E156P olfactory receptor, family 7, subfamily E, member 156 pseudogene 

222379_at KCNE4 potassium voltage-gated channel, Isk-related family, member 4 

31846_at RHOD ras homolog gene family, member D 

35666_at SEMA3F 

sema domain, immunoglobulin domain (Ig), short basic domain, 

secreted, (semaphorin) 3F 

36499_at CELSR2 

cadherin, EGF LAG seven-pass G-type receptor 2 (flamingo homolog, 

Drosophila) 

37145_at GNLY granulysin 

37950_at PREP prolyl endopeptidase 

40016_g_at MAST4 microtubule associated serine/threonine kinase family member 4 

40093_at BCAM basal cell adhesion molecule (Lutheran blood group) 

40148_at APBB2 amyloid beta (A4) precursor protein-binding, family B, member 2 

41037_at TEAD4 TEA domain family member 4 

41113_at ZNF500 zinc finger protein 500 

41660_at CELSR1 

cadherin, EGF LAG seven-pass G-type receptor 1 (flamingo homolog, 

Drosophila) 

44654_at G6PC3 glucose 6 phosphatase, catalytic, 3 
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49306_at RASSF4 Ras association (RalGDS/AF-6) domain family member 4 

51192_at SSH3 slingshot homolog 3 (Drosophila) 

52159_at HEMK1 HemK methyltransferase family member 1 

52940_at SIGIRR single immunoglobulin and toll-interleukin 1 receptor (TIR) domain 

55081_at MICALL1 MICAL-like 1 

57540_at RBKS ribokinase 

59437_at C9orf116 chromosome 9 open reading frame 116 

60471_at RIN3 Ras and Rab interactor 3 

63009_at SHQ1 SHQ1 homolog (S. cerevisiae) 

200054_at ZNF259 zinc finger protein 259 

200067_x_at SNX3 sorting nexin 3 

203625_x_at SKP2 S-phase kinase-associated protein 2 (p45) 

206538_at MRAS muscle RAS oncogene homolog 

208617_s_at PTP4A2 protein tyrosine phosphatase type IVA, member 2 

209640_at PML promyelocytic leukemia 

210469_at DLG5 discs, large homolog 5 (Drosophila) 

212256_at GALNT10 

UDP-N-acetyl-alpha-D-galactosamine:polypeptide N-

acetylgalactosaminyltransferase 10 (GalNAc-T10) 

212907_at SLC30A1 Solute carrier family 30 (zinc transporter), member 1 

212985_at APBB2 amyloid beta (A4) precursor protein-binding, family B, member 2 

213179_at RQCD1 RCD1 required for cell differentiation1 homolog (S. pombe) 

213266_at TUBGCP4 Tubulin, gamma complex associated protein 4 

213545_x_at SNX3 sorting nexin 3 

214657_s_at NCRNA00084 non-protein coding RNA 84 

215304_at --- --- 

216604_s_at SLC7A8 

solute carrier family 7 (cationic amino acid transporter, y+ system), 

member 8 

217329_x_at --- --- 

219177_at BXDC2 brix domain containing 2 

220540_at KCNK15 potassium channel, subfamily K, member 15 

222036_s_at MCM4 minichromosome maintenance complex component 4 

222037_at MCM4 minichromosome maintenance complex component 4 

222129_at FAM134A family with sequence similarity 134, member A 
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Appendix B 

GSE1456 Recurrence Predictor Gene List 

Probe Set ID Gene Symbol Gene Title 

1053_at RFC2 replication factor C (activator 1) 2, 40kDa 

1729_at TRADD TNFRSF1A-associated via death domain 

200737_at PGK1 phosphoglycerate kinase 1 

200738_s_at PGK1 phosphoglycerate kinase 1 

200795_at SPARCL1 SPARC-like 1 (hevin) 

200812_at CCT7 chaperonin containing TCP1, subunit 7 (eta) 

200853_at H2AFZ H2A histone family, member Z 

200910_at CCT3 chaperonin containing TCP1, subunit 3 (gamma) 

200942_s_at HSBP1 heat shock factor binding protein 1 

200980_s_at PDHA1 pyruvate dehydrogenase (lipoamide) alpha 1 

201000_at AARS alanyl-tRNA synthetase 

201037_at PFKP phosphofructokinase, platelet 

201463_s_at 

LOC100133665 

/// TALDO1 similar to transaldolase /// transaldolase 1 

201467_s_at NQO1 NAD(P)H dehydrogenase, quinone 1 

201475_x_at MARS methionyl-tRNA synthetase 

201491_at AHSA1 

AHA1, activator of heat shock 90kDa protein ATPase homolog 1 

(yeast) 

201494_at PRCP prolylcarboxypeptidase (angiotensinase C) 

201581_at TMX4 thioredoxin-related transmembrane protein 4 

201584_s_at DDX39 DEAD (Asp-Glu-Ala-Asp) box polypeptide 39 

201590_x_at ANXA2 annexin A2 

201648_at JAK1 Janus kinase 1 

201778_s_at KIAA0494 KIAA0494 

201790_s_at DHCR7 7-dehydrocholesterol reductase 

201791_s_at DHCR7 7-dehydrocholesterol reductase 

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

201898_s_at UBE2A ubiquitin-conjugating enzyme E2A (RAD6 homolog) 

201924_at AFF1 AF4/FMR2 family, member 1 

201959_s_at MYCBP2 MYC binding protein 2 

201960_s_at MYCBP2 MYC binding protein 2 

201989_s_at CREBL2 cAMP responsive element binding protein-like 2 

202058_s_at KPNA1 karyopherin alpha 1 (importin alpha 5) 

202154_x_at TUBB3 tubulin, beta 3 
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202188_at NUP93 nucleoporin 93kDa 

202432_at PPP3CB protein phosphatase 3 (formerly 2B), catalytic subunit, beta isoform 

202533_s_at DHFR dihydrofolate reductase 

202551_s_at CRIM1 cysteine rich transmembrane BMP regulator 1 (chordin-like) 

202552_s_at CRIM1 cysteine rich transmembrane BMP regulator 1 (chordin-like) 

202561_at TNKS tankyrase, TRF1-interacting ankyrin-related ADP-ribose polymerase 

202570_s_at DLGAP4 discs, large (Drosophila) homolog-associated protein 4 

202671_s_at PDXK pyridoxal (pyridoxine, vitamin B6) kinase 

202697_at NUDT21 nudix (nucleoside diphosphate linked moiety X)-type motif 21 

202705_at CCNB2 cyclin B2 

202712_s_at 

CKMT1A /// 

CKMT1B 

creatine kinase, mitochondrial 1A /// creatine kinase, mitochondrial 

1B 

202721_s_at GFPT1 glutamine-fructose-6-phosphate transaminase 1 

202771_at FAM38A family with sequence similarity 38, member A 

202779_s_at 

LOC731049 /// 

UBE2S similar to Ubiquitin-conjugating enzyme E2S  

203027_s_at MVD mevalonate (diphospho) decarboxylase 

203339_at SLC25A12 solute carrier family 25 (mitochondrial carrier, Aralar), member 12 

203350_at AP1G1 adaptor-related protein complex 1, gamma 1 subunit 

203365_s_at MMP15 matrix metallopeptidase 15 (membrane-inserted) 

203418_at CCNA2 cyclin A2 

203420_at FAM8A1 family with sequence similarity 8, member A1 

203612_at BYSL bystin-like 

203633_at CPT1A carnitine palmitoyltransferase 1A (liver) 

203634_s_at CPT1A carnitine palmitoyltransferase 1A (liver) 

203685_at BCL2 B-cell CLL/lymphoma 2 

203697_at FRZB frizzled-related protein 

203755_at BUB1B budding uninhibited by benzimidazoles 1 homolog beta (yeast) 

203764_at DLGAP5 discs, large (Drosophila) homolog-associated protein 5 

203799_at CD302 CD302 molecule 

204106_at TESK1 testis-specific kinase 1 

204281_at TEAD4 TEA domain family member 4 

204565_at ACOT13 acyl-CoA thioesterase 13 

204603_at EXO1 exonuclease 1 

204793_at GPRASP1 G protein-coupled receptor associated sorting protein 1 

204825_at MELK maternal embryonic leucine zipper kinase 

205024_s_at RAD51 RAD51 homolog (RecA homolog, E. coli) (S. cerevisiae) 

205219_s_at GALK2 galactokinase 2 

205224_at SURF2 surfeit 2 
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205246_at PEX13 peroxisomal biogenesis factor 13 

205383_s_at ZBTB20 zinc finger and BTB domain containing 20 

205661_s_at FLAD1 FAD1 flavin adenine dinucleotide synthetase homolog (S. cerevisiae) 

205933_at SETBP1 SET binding protein 1 

206199_at CEACAM7 carcinoembryonic antigen-related cell adhesion molecule 7 

206240_s_at ZNF136 zinc finger protein 136 

206482_at PTK6 PTK6 protein tyrosine kinase 6 

206542_s_at SMARCA2 

SWI/SNF related, matrix associated, actin dependent regulator of 

chromatin, subfamily a, member 2 

206555_s_at THUMPD1 THUMP domain containing 1 

206949_s_at RUSC1 RUN and SH3 domain containing 1 

207525_s_at GIPC1 GIPC PDZ domain containing family, member 1 

207833_s_at HLCS 

holocarboxylase synthetase (biotin-(proprionyl-Coenzyme A-

carboxylase (ATP-hydrolysing)) ligase) 

207933_at ZP2 zona pellucida glycoprotein 2 (sperm receptor) 

208084_at ITGB6 integrin, beta 6 

208634_s_at MACF1 microtubule-actin crosslinking factor 1 

208785_s_at MAP1LC3B microtubule-associated protein 1 light chain 3 beta 

208799_at PSMB5 proteasome (prosome, macropain) subunit, beta type, 5 

208816_x_at ANXA2P2 annexin A2 pseudogene 2 

208968_s_at CIAPIN1 cytokine induced apoptosis inhibitor 1 

208977_x_at TUBB2C tubulin, beta 2C 

209071_s_at RGS5 regulator of G-protein signaling 5 

209103_s_at UFD1L ubiquitin fusion degradation 1 like (yeast) 

209199_s_at MEF2C myocyte enhancer factor 2C 

209218_at SQLE squalene epoxidase 

209260_at SFN stratifin 

209285_s_at C3orf63 chromosome 3 open reading frame 63 

209336_at PWP2 PWP2 periodic tryptophan protein homolog (yeast) 

209642_at BUB1 budding uninhibited by benzimidazoles 1 homolog (yeast) 

209714_s_at CDKN3 cyclin-dependent kinase inhibitor 3 

209773_s_at RRM2 ribonucleotide reductase M2 polypeptide 

209825_s_at UCK2 uridine-cytidine kinase 2 

209832_s_at CDT1 chromatin licensing and DNA replication factor 1 

210235_s_at PPFIA1 

protein tyrosine phosphatase, receptor type, f polypeptide (PTPRF), 

interacting protein (liprin), alpha 1 

210427_x_at ANXA2 annexin A2 

210627_s_at MOGS mannosyl-oligosaccharide glucosidase 

210688_s_at CPT1A carnitine palmitoyltransferase 1A (liver) 
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210761_s_at GRB7 growth factor receptor-bound protein 7 

210959_s_at SRD5A1 

steroid-5-alpha-reductase, alpha polypeptide 1 (3-oxo-5 alpha-

steroid delta 4-dehydrogenase alpha 1) 

211080_s_at NEK2 NIMA (never in mitosis gene a)-related kinase 2 

211506_s_at IL8 interleukin 8 

211968_s_at HSP90AA1 heat shock protein 90kDa alpha (cytosolic), class A member 1 

212070_at GPR56 G protein-coupled receptor 56 

212141_at MCM4 minichromosome maintenance complex component 4 

212188_at KCTD12 potassium channel tetramerisation domain containing 12 

212189_s_at COG4 component of oligomeric golgi complex 4 

212205_at H2AFV H2A histone family, member V 

212289_at ANKRD12 ankyrin repeat domain 12 

212498_at --- --- 

212549_at STAT5B signal transducer and activator of transcription 5B 

212581_x_at GAPDH glyceraldehyde-3-phosphate dehydrogenase 

212660_at PHF15 PHD finger protein 15 

212675_s_at CEP68 centrosomal protein 68kDa 

212914_at CBX7 chromobox homolog 7 

212936_at FAM172A family with sequence similarity 172, member A 

212982_at ZDHHC17 zinc finger, DHHC-type containing 17 

212983_at HRAS v-Ha-ras Harvey rat sarcoma viral oncogene homolog 

213016_at BBX bobby sox homolog (Drosophila) 

213034_at KIAA0999 KIAA0999 protein 

213058_at TTC28 tetratricopeptide repeat domain 28 

213156_at --- --- 

213158_at --- --- 

213375_s_at N4BP2L1 NEDD4 binding protein 2-like 1 

213453_x_at GAPDH glyceraldehyde-3-phosphate dehydrogenase 

213476_x_at TUBB3 tubulin, beta 3 

213503_x_at ANXA2 annexin A2 

213562_s_at SQLE squalene epoxidase 

213694_at RSBN1 round spermatid basic protein 1 

213721_at SOX2 SRY (sex determining region Y)-box 2 

213726_x_at TUBB2C tubulin, beta 2C 

213796_at SPRR1A small proline-rich protein 1A 

213911_s_at H2AFZ H2A histone family, member Z 

214074_s_at CTTN cortactin 

214118_x_at PCM1 pericentriolar material 1 
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214444_s_at PVR poliovirus receptor 

214686_at ZNF266 zinc finger protein 266 

214710_s_at CCNB1 cyclin B1 

215171_s_at TIMM17A translocase of inner mitochondrial membrane 17 homolog A (yeast) 

216977_x_at SNRPA1 small nuclear ribonucleoprotein polypeptide A' 

217356_s_at PGK1 phosphoglycerate kinase 1 

217398_x_at GAPDH glyceraldehyde-3-phosphate dehydrogenase 

217562_at FAM5C family with sequence similarity 5, member C 

217707_x_at SMARCA2 

SWI/SNF related, matrix associated, actin dependent regulator of 

chromatin, subfamily a, member 2 

217733_s_at TMSB10 thymosin beta 10 

217755_at HN1 hematological and neurological expressed 1 

217772_s_at MTCH2 mitochondrial carrier homolog 2 (C. elegans) 

217957_at C16orf80 chromosome 16 open reading frame 80 

218039_at NUSAP1 nucleolar and spindle associated protein 1 

218057_x_at COX4NB COX4 neighbor 

218074_at FAM96B family with sequence similarity 96, member B 

218125_s_at CCDC25 coiled-coil domain containing 25 

218149_s_at ZNF395 zinc finger protein 395 

218259_at MKL2 MKL/myocardin-like 2 

218282_at EDEM2 ER degradation enhancer, mannosidase alpha-like 2 

218290_at PLEKHJ1 pleckstrin homology domain containing, family J member 1 

218336_at PFDN2 prefoldin subunit 2 

218353_at RGS5 regulator of G-protein signaling 5 

218497_s_at RNASEH1 ribonuclease H1 

218498_s_at ERO1L ERO1-like (S. cerevisiae) 

218518_at FAM13B family with sequence similarity 13, member B 

218614_at C12orf35 chromosome 12 open reading frame 35 

218662_s_at NCAPG non-SMC condensin I complex, subunit G 

218663_at NCAPG non-SMC condensin I complex, subunit G 

218739_at ABHD5 abhydrolase domain containing 5 

218755_at KIF20A kinesin family member 20A 

218834_s_at TMEM132A transmembrane protein 132A 

218990_s_at SPRR3 small proline-rich protein 3 

218996_at TFPT TCF3 (E2A) fusion partner (in childhood Leukemia) 

219063_at C1orf35 chromosome 1 open reading frame 35 

219143_s_at RPP25 ribonuclease P/MRP 25kDa subunit 

219203_at FAM158A family with sequence similarity 158, member A 
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219270_at CHAC1 ChaC, cation transport regulator homolog 1 (E. coli) 

219289_at HEATR3 HEAT repeat containing 3 

219395_at ESRP2 epithelial splicing regulatory protein 2 

219429_at FA2H fatty acid 2-hydroxylase 

219517_at ELL3 elongation factor RNA polymerase II-like 3 

219575_s_at COG8 /// PDF 

component of oligomeric golgi complex 8 /// peptide deformylase 

(mitochondrial) 

219646_at DEF8 differentially expressed in FDCP 8 homolog (mouse) 

219841_at AICDA activation-induced cytidine deaminase 

220200_s_at SETD8 SET domain containing (lysine methyltransferase) 8 

220289_s_at AIM1L absent in melanoma 1-like 

220751_s_at C5orf4 chromosome 5 open reading frame 4 

221249_s_at FAM117A family with sequence similarity 117, member A 

221291_at ULBP2 UL16 binding protein 2 

221364_at GRID2 glutamate receptor, ionotropic, delta 2 

221539_at EIF4EBP1 eukaryotic translation initiation factor 4E binding protein 1 

221566_s_at NOL3 nucleolar protein 3 (apoptosis repressor with CARD domain) 

221572_s_at 

CELSR3 /// 

SLC26A6 

cadherin, EGF LAG seven-pass G-type receptor 3 (flamingo homolog, 

Drosophila) /// solute carrier family 26),member 6 

221597_s_at TMEM208 transmembrane protein 208 

221824_s_at MARCH8 membrane-associated ring finger (C3HC4) 8 

221937_at --- --- 

222129_at FAM134A family with sequence similarity 134, member A 

222216_s_at MRPL17 mitochondrial ribosomal protein L17 

222234_s_at DBNDD1 dysbindin (dystrobrevin binding protein 1) domain containing 1 

222368_at --- --- 

41037_at TEAD4 TEA domain family member 4 

49077_at PPME1 protein phosphatase methylesterase 1 
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Appendix C 

 Probesets with BI > 1.9 among all samples in GSE9891  

Probe Set ID Gene Symbol BI 

1554663_a_at NUMA1 4.97 

239591_at --- 3.52 

211674_x_at CTAG1A /// CTAG1B 3.15 

241224_x_at DSCR8 3.04 

210546_x_at CTAG1A /// CTAG1B 2.98 

228780_at POU3F3 2.97 

210503_at MAGEA11 2.93 

228697_at HINT3 2.86 

229973_at C1orf173 2.83 

220179_at DPEP3 2.73 

220084_at C14orf105 2.65 

221690_s_at NLRP2 2.65 

1564359_a_at LOC339260 2.65 

206307_s_at FOXD1 2.64 

219937_at TRHDE 2.59 

242276_at --- 2.58 

203980_at FABP4 2.57 

233092_s_at LOC100271840 2.55 

207325_x_at MAGEA1 2.52 

1556711_at C13orf30 2.51 

217339_x_at CTAG1A /// CTAG1B 2.49 

1556003_a_at --- 2.49 

214183_s_at TKTL1 2.46 

227711_at GTSF1 2.43 

229479_at --- 2.42 

206772_at PTH2R 2.41 

207802_at CRISP3 2.41 

239150_at SNTN 2.40 

209613_s_at ADH1B 2.40 

1562371_s_at VWA3B 2.38 

223977_s_at C18orf2 2.37 

209560_s_at DLK1 2.36 
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207175_at ADIPOQ 2.36 

229271_x_at COL11A1 2.34 

215108_x_at TOX3 2.34 

206439_at EPYC 2.32 

209612_s_at ADH1B 2.31 

237281_at AKAP14 2.31 

1569399_at MUC15 2.30 

207739_s_at GAGE1 /// GAGE12F /// GAGE12G /// GAGE12I /// GAGE12J /// GAGE2A 

/// GAGE2B /// GAGE2C /// GAGE2D /// GAGE2E /// GAGE3 /// GAGE4 

/// GAGE5 /// GAGE6 /// GAGE7 /// GAGE8 

2.26 

206373_at ZIC1 2.26 

214774_x_at TOX3 2.26 

223618_at FMN2 2.22 

229331_at SPATA18 2.21 

1555804_a_at YSK4 2.21 

216623_x_at TOX3 2.21 

243803_at LOC643037 2.20 

201222_s_at RAD23B 2.20 

229352_at SPESP1 2.19 

1561938_at --- 2.18 

205625_s_at CALB1 2.18 

210437_at MAGEA9 /// MAGEA9B 2.18 

237328_at C14orf105 2.18 

242135_at LOC100289097 /// LOC642236 2.18 

208235_x_at GAGE12F /// GAGE12G /// GAGE12I /// GAGE5 /// GAGE7 2.16 

208155_x_at GAGE1 /// GAGE12F /// GAGE12G /// GAGE12I /// GAGE12J /// GAGE4 

/// GAGE5 /// GAGE6 /// GAGE7 

2.16 

1557215_at --- 2.16 

206640_x_at GAGE12C /// GAGE12D /// GAGE12E /// GAGE12F /// GAGE12G /// 

GAGE12H /// GAGE12I /// GAGE2A /// GAGE2C /// GAGE4 /// GAGE5 /// 

GAGE6 /// GAGE7 

2.16 

243087_at WDR63 2.14 

229542_at C20orf85 2.14 
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205856_at SLC14A1 2.14 

204712_at WIF1 2.13 

207086_x_at GAGE1 /// GAGE12C /// GAGE12D /// GAGE12E /// GAGE12F /// 

GAGE12G /// GAGE12H /// GAGE12I /// GAGE12J /// GAGE2A /// 

GAGE2C /// GAGE2D /// GAGE2E /// GAGE4 /// GAGE5 /// GAGE6 /// 

GAGE7 /// GAGE8 

2.13 

214023_x_at TUBB2B 2.12 

223642_at ZIC2 2.12 

232523_at MEGF10 2.11 

214254_at MAGEA4 2.11 

215704_at FLG 2.10 

223962_at TTC29 2.10 

206228_at PAX2 2.10 

227952_at --- 2.09 

203820_s_at IGF2BP3 2.09 

228038_at SOX2 2.09 

215733_x_at CTAG2 2.09 

218468_s_at GREM1 2.09 

243802_at DNAH12 2.07 

241764_at --- 2.06 

239916_at WDR16 2.06 

206018_at FOXG1 2.06 

235978_at FABP4 2.06 

206504_at CYP24A1 2.05 

1560263_at --- 2.04 

1555778_a_at POSTN 2.04 

240161_s_at CDC20B 2.04 

241726_at HLCS 2.03 

1557155_a_at --- 2.03 

1556158_at FAM154B 2.03 

233011_at ANXA1 2.02 

207663_x_at GAGE3 2.02 

240857_at DNAH9 2.02 

218469_at GREM1 2.02 

1569878_at CCNYL2 2.01 

203819_s_at IGF2BP3 2.01 
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205646_s_at PAX6 2.01 

205694_at TYRP1 2.01 

219564_at KCNJ16 2.00 

214079_at DHRS2 2.00 

222943_at GBA3 2.00 

206280_at CDH18 2.00 

209243_s_at PEG3 /// ZIM2 1.99 

238878_at ARX 1.99 

216370_s_at TKTL1 1.99 

223869_at SOST 1.99 

243161_x_at ZFP42 1.99 

237810_at CLDN6 1.99 

220269_at ZBBX 1.99 

238720_at OMG 1.99 

232056_at SCEL 1.98 

228598_at DPP10 1.98 

1561367_a_at --- 1.98 

228285_at TDRD9 1.97 

218625_at NRN1 1.97 

220636_at DNAI2 1.97 

230865_at LIX1 1.97 

216207_x_at IGKV1D-13 1.97 

229669_at LOC440416 1.97 

233326_at CCDC39 1.96 

232535_at --- 1.96 

204915_s_at SOX11 1.96 

204913_s_at SOX11 1.95 

204548_at STAR 1.95 

229554_at LUM 1.95 

235557_at GPAT2 1.95 

205278_at GAD1 1.95 

206811_at ADCY8 1.94 

240065_at FAM81B 1.94 

206010_at HABP2 1.94 

228546_at DPP6 1.94 

229294_at JPH3 1.94 
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211642_at IGHG1 /// ZCWPW2 1.94 

203824_at TSPAN8 1.93 

213432_at MUC5B 1.93 

214651_s_at HOXA9 1.93 

237206_at MYOCD 1.93 

220004_at DDX43 1.93 

230193_at WDR66 1.93 

1568603_at CADPS 1.93 

1552439_s_at MEGF11 1.93 

229012_at C9orf24 1.93 

231181_at --- 1.93 

224355_s_at MS4A8B 1.93 

236710_at C1orf87 1.92 

219873_at COLEC11 1.92 

1552368_at CTCFL 1.92 

216576_x_at IGK@ /// IGKC /// LOC652493 /// LOC652694 1.92 

219249_s_at FKBP10 1.91 

237020_at TMEM146 1.91 

219759_at ERAP2 1.91 

233064_at ZFR2 1.91 

240288_at KCNRG 1.91 

235650_at CDHR3 1.91 

1559459_at LOC613266 1.91 

1552349_a_at PRSS33 1.91 

1554960_at C1orf110 1.91 

227566_at NTM 1.91 

205799_s_at SLC3A1 1.90 

220389_at CCDC81 1.90 

205728_at ODZ1 1.90 

238877_at EYA4 1.90 
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Appendix D 

Probesets associated with LMP versus MS/EM subtypes 

Probe ID Gene Symbol mu1 mu2 sigma LMP MS & EM 2-tail  

p-value High Low High Low 

1552349_a_at PRSS33 4.281949 6.751839 0.446213 9 8 28 227 < 0.0001 

1555778_a_at POSTN 4.721111 9.494216 1.170731 0 18 143 123 < 0.0001 

1555804_a_at YSK4 3.645657 6.408965 0.412063 13 2 17 236 < 0.0001 

1556003_a_at --- 3.991739 7.616158 0.488385 13 2 14 242 < 0.0001 

1556158_at FAM154B 3.163813 6.037766 0.384376 11 2 6 248 < 0.0001 

1556711_at C13orf30 3.327376 6.657042 0.420553 13 2 13 245 < 0.0001 

1562371_s_at VWA3B 3.358657 6.186004 0.37414 14 2 13 243 < 0.0001 

1568603_at CADPS 2.982515 5.759964 0.532834 11 4 32 224 < 0.0001 

203824_at TSPAN8 4.426329 8.949004 1.168841 18 0 129 138 < 0.0001 

204548_at STAR 4.370022 7.821988 0.74976 15 1 51 208 < 0.0001 

205856_at SLC14A1 3.481058 6.966754 0.548283 9 7 23 233 < 0.0001 

206010_at HABP2 4.106356 6.664954 0.299633 6 5 7 256 < 0.0001 

206228_at PAX2 4.272558 8.726263 0.848698 10 5 42 211 < 0.0001 

206772_at PTH2R 3.679172 7.732933 0.827128 0 18 162 96 < 0.0001 

207802_at CRISP3 3.273797 7.65822 0.666209 10 6 29 224 < 0.0001 

209243_s_at PEG3 /// ZIM2 3.424888 6.952316 0.821328 14 3 76 185 < 0.0001 

209560_s_at DLK1 4.184421 9.622143 1.071054 18 0 67 186 < 0.0001 

213432_at MUC5B 5.412578 10.39507 0.857401 16 1 15 235 < 0.0001 

214079_at DHRS2 3.521427 7.040461 0.741063 13 5 54 206 < 0.0001 

214774_x_at TOX3 3.157416 7.179264 0.72733 12 4 41 215 < 0.0001 

215108_x_at TOX3 3.159827 7.05657 0.650367 11 4 35 218 < 0.0001 

216623_x_at TOX3 3.435224 7.463223 0.736639 12 4 42 214 < 0.0001 

219873_at COLEC11 5.607611 9.070476 0.863525 18 0 89 177 < 0.0001 

220084_at C14orf105 2.947854 6.074033 0.263127 8 5 3 255 < 0.0001 
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220269_at ZBBX 3.758164 7.186234 0.75109 16 1 54 204 < 0.0001 

220389_at CCDC81 4.070553 6.915723 0.333756 7 3 4 253 < 0.0001 

220636_at DNAI2 3.609018 6.944449 0.402888 9 4 4 252 < 0.0001 

222943_at GBA3 3.441509 6.177489 0.445819 10 6 19 233 < 0.0001 

223962_at TTC29 3.142047 5.928707 0.346825 10 2 6 252 < 0.0001 

224355_s_at MS4A8B 5.091003 7.969207 0.441583 13 2 10 244 < 0.0001 

229012_at C9orf24 5.260165 9.479665 0.857331 15 2 35 221 < 0.0001 

229331_at SPATA18 3.955564 7.866512 0.68831 18 0 29 223 < 0.0001 

229542_at C20orf85 3.929343 8.452602 0.837088 17 1 34 217 < 0.0001 

229973_at C1orf173 3.003994 7.514241 0.497579 16 0 10 242 < 0.0001 

230193_at WDR66 3.758481 6.801313 0.558454 17 0 21 235 < 0.0001 

231181_at --- 3.69563 8.030335 1.026418 14 4 71 192 < 0.0001 

232056_at SCEL 3.319458 6.33546 0.672249 13 5 63 196 < 0.0001 

233326_at CCDC39 2.944137 5.632455 0.39419 11 3 9 243 < 0.0001 

235650_at CDHR3 3.926994 7.09743 0.486138 13 2 8 249 < 0.0001 

236710_at C1orf87 3.557948 6.325455 0.36993 10 3 5 249 < 0.0001 

237020_at TMEM146 3.323393 6.112407 0.372049 6 6 7 249 < 0.0001 

237206_at MYOCD 3.961375 7.123501 0.629595 13 4 34 215 < 0.0001 

237281_at AKAP14 3.086851 6.514711 0.51438 15 2 16 235 < 0.0001 

237328_at C14orf105 3.520029 7.375163 0.416076 10 4 3 255 < 0.0001 

238720_at OMG 3.285698 6.132901 0.370676 7 3 8 249 < 0.0001 

238878_at ARX 3.906652 7.718909 0.780136 14 1 44 210 < 0.0001 

239150_at SNTN 3.489807 8.357008 0.66056 15 1 12 240 < 0.0001 

239916_at WDR16 4.031514 7.549594 0.537102 15 1 12 240 < 0.0001 

240065_at FAM81B 3.712056 7.878978 0.861089 16 1 41 214 < 0.0001 

240161_s_at CDC20B 3.462474 7.700252 0.900595 13 2 57 202 < 0.0001 

240288_at KCNRG 3.178379 6.223603 0.38687 8 3 5 253 < 0.0001 

240857_at DNAH9 3.429 5.864248 0.433202 16 1 24 227 < 0.0001 

243087_at WDR63 3.286887 6.270397 0.410283 11 3 9 246 < 0.0001 

243802_at DNAH12 3.765127 7.47274 0.569478 16 1 12 238 < 0.0001 

243803_at LOC643037 3.883422 6.299198 0.328521 12 2 11 247 < 0.0001 

1552368_at CTCFL 4.725663 8.798712 1.027621 0 18 108 159 0.000134 

216576_x_at IGK@ /// IGKC 

/// LOC652493 

/// LOC652694 

5.538403 9.790985 1.040633 0 18 96 170 0.000446 

237810_at CLDN6 5.183811 8.67119 0.823839 0 18 95 169 0.000460 

229479_at --- 3.747679 7.589729 0.753401 0 18 94 161 0.000483 
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218469_at GREM1 3.719148 7.498245 0.872175 0 18 90 172 0.001030 

216207_x_at IGKV1D-13 7.422743 11.19986 0.888788 0 18 90 173 0.001041 

218468_s_at GREM1 3.550016 7.142304 0.78451 0 18 81 174 0.002233 

215704_at FLG 3.175385 7.861375 0.599426 5 12 13 237 0.002893 

1557215_at --- 3.70385 6.501271 0.57516 0 18 74 181 0.004465 

229554_at LUM 5.147149 8.092782 0.719029 1 17 98 167 0.004689 

227566_at NTM 4.49373 7.915193 0.884795 2 16 121 146 0.005353 

206439_at EPYC 3.599835 8.520303 1.001293 1 17 91 165 0.008234 

203980_at FABP4 4.175586 9.931796 0.984009 0 18 65 185 0.008583 

209613_s_at ADH1B 3.108434 7.894534 0.870825 0 18 66 183 0.008590 

209612_s_at ADH1B 3.832082 8.570103 0.886338 0 18 67 183 0.008625 

204913_s_at SOX11 3.776606 8.295233 0.986171 0 18 68 187 0.008652 

229271_x_at COL11A1 2.999401 6.145997 0.578987 0 18 63 188 0.009083 

206504_at CYP24A1 3.051946 6.8009 0.467926 4 13 11 241 0.009684 

228546_at DPP6 3.624322 6.205014 0.449315 5 9 26 230 0.013659 

232523_at MEGF10 3.428257 6.797772 0.64683 0 18 57 198 0.016898 

230865_at LIX1 3.328577 6.907264 0.804103 1 17 75 181 0.029138 

206373_at ZIC1 4.184075 9.080795 1.042468 2 15 99 160 0.035491 

205646_s_at PAX6 5.148357 7.657006 0.47762 0 18 47 209 0.049863 

204915_s_at SOX11 4.455174 8.27592 0.761265 0 18 47 200 0.049925 

220179_at DPEP3 4.54548 8.806555 0.600507 0 18 45 206 0.050022 

210503_at MAGEA11 3.497633 7.528932 0.531594 0 18 44 203 0.050131 

218625_at NRN1 4.543321 8.01386 0.665784 0 18 45 211 0.050800 

241224_x_at DSCR8 3.701769 7.513776 0.498974 0 18 49 200 0.051415 
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Appendix E  

Probesets associated with EM versus MS subtypes 

     EM  MS   

Probe ID Gene 

Symbol 

mu1 mu2 sigma Low High Low High 2-tailed  

p-value 

204712_at WIF1 3.39202 9.813963 0.706245 13 6 227 6 < 0.0001 

205278_at GAD1 3.367256 8.834884 0.655206 13 7 225 5 < 0.0001 

229554_at --- 5.197654 8.114646 0.71973 20 0 146 99 < 0.0001 

218469_at GREM1 3.849319 7.588578 0.896164 20 0 152 90 0.0003 

218468_s_at GREM1 3.591101 7.15389 0.810209 20 0 157 82 0.0006 

1555778_a_at POSTN 4.750116 9.511336 1.202197 16 4 107 139 0.0019 

206439_at EPYC 3.642079 8.525885 1.034331 18 1 149 93 0.0023 

204913_s_at SOX11 3.804496 8.292664 1.019005 19 0 169 69 0.0025 

203980_at FABP4 4.16114 9.930265 1.006271 19 0 165 66 0.0047 

229271_x_at COL11A1 3.002156 6.143855 0.595722 20 0 167 63 0.0051 

209644_x_at CDKN2A 6.900257 9.711157 0.688614 13 7 78 166 0.0056 

207039_at CDKN2A 4.679138 8.04951 0.830128 13 7 80 165 0.0061 

229479_at --- 3.823951 7.632194 0.767332 18 2 143 92 0.0078 

238877_at EYA4 4.857591 8.492361 0.93379 17 3 133 113 0.0086 

221690_s_at NLRP2 4.874242 8.577236 0.666395 15 5 103 134 0.0089 

204915_s_at SOX11 4.68271 8.463908 0.776869 20 0 181 48 0.0169 

203824_at TSPAN8 4.373541 8.727002 1.131876 5 15 133 113 0.0181 

219564_at KCNJ16 3.840843 7.457538 0.751221 19 1 165 66 0.0185 

227566_at NTM 4.525595 7.934914 0.890182 16 4 130 116 0.0200 

214571_at FGF3 4.228916 7.51927 0.345643 15 3 229 7 0.0263 

220179_at DPEP3 4.564373 8.813631 0.617544 20 0 185 45 0.0294 

232056_at SCEL 3.265607 6.041533 0.589144 19 1 174 66 0.0307 

229331_at SPATA18 3.881399 7.405706 0.637456 14 6 207 28 0.0347 

215108_x_at TOX3 3.121095 6.997836 0.628813 14 6 202 29 0.0426 

214651_s_at HOXA9 3.481195 8.15796 0.856942 14 6 203 30 0.0468 
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Appendix F 

 Probesets with BI > 1.9 among MS samples  

Probe Set ID Gene Symbol BI 

1554663_a_at NUMA1 4.819304 

239591_at --- 3.438822 

211674_x_at CTAG1A /// CTAG1B 3.290367 

210546_x_at CTAG1A /// CTAG1B 3.059808 

228697_at HINT3 3.040057 

241224_x_at DSCR8 3.014637 

228780_at --- 2.906072 

210503_at MAGEA11 2.875024 

219937_at TRHDE 2.814863 

221690_s_at NLRP2 2.695411 

220179_at DPEP3 2.690946 

220205_at TPTE 2.680945 

217339_x_at CTAG1A /// CTAG1B 2.644095 

230854_at BCAR4 2.633791 

233092_s_at LOC100271840 2.616088 

1564359_a_at LOC339260 2.603912 

242276_at --- 2.592038 

203980_at FABP4 2.579129 

1552954_at C5orf17 2.570922 

206307_s_at FOXD1 2.56618 

207325_x_at MAGEA1 2.523002 

214183_s_at TKTL1 2.480873 

205856_at SLC14A1 2.405792 

227711_at GTSF1 2.396188 

229352_at SPESP1 2.385401 

229479_at --- 2.36807 

223977_s_at C18orf2 2.352107 

209613_s_at ADH1B 2.339607 

207175_at ADIPOQ 2.327939 

229271_x_at COL11A1 2.320625 

1556711_at C13orf30 2.31827 

223618_at FMN2 2.310887 
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209560_s_at DLK1 2.299137 

207802_at CRISP3 2.291157 

207739_s_at 

GAGE1 /// GAGE12F /// GAGE12G /// GAGE12I /// GAGE12J 

/// GAGE2A /// GAGE2B /// GAGE2C /// GAGE2D /// GAGE2E 

/// GAGE3 /// GAGE4 /// GAGE5 /// GAGE6 /// GAGE7 /// 

GAGE8 2.280994 

240161_s_at CDC20B 2.280935 

206439_at EPYC 2.271894 

209612_s_at ADH1B 2.262021 

206772_at PTH2R 2.253262 

203820_s_at IGF2BP3 2.238049 

1561938_at --- 2.226413 

208155_x_at 

GAGE1 /// GAGE12F /// GAGE12G /// GAGE12I /// GAGE12J 

/// GAGE4 /// GAGE5 /// GAGE6 /// GAGE7 2.224254 

201222_s_at RAD23B 2.219119 

205626_s_at CALB1 2.212532 

206373_at ZIC1 2.203221 

242054_s_at SIX3 2.192378 

206640_x_at 

GAGE12C /// GAGE12D /// GAGE12E /// GAGE12F /// 

GAGE12G /// GAGE12H /// GAGE12I /// GAGE2A /// GAGE2C 

/// GAGE4 /// GAGE5 /// GAGE6 /// GAGE7 2.187698 

1556003_a_at --- 2.187661 

207086_x_at 

GAGE1 /// GAGE12C /// GAGE12D /// GAGE12E /// GAGE12F 

/// GAGE12G /// GAGE12H /// GAGE12I /// GAGE12J /// 

GAGE2A /// GAGE2C /// GAGE2D /// GAGE2E /// GAGE4 /// 

GAGE5 /// GAGE6 /// GAGE7 /// GAGE8 2.18759 

208235_x_at GAGE12F /// GAGE12G /// GAGE12I /// GAGE5 /// GAGE7 2.181512 

214023_x_at TUBB2B 2.179562 

210437_at MAGEA9 /// MAGEA9B 2.176367 

203819_s_at IGF2BP3 2.174441 

223642_at ZIC2 2.16283 

241186_at --- 2.160173 

206018_at FOXG1 2.154655 

214774_x_at TOX3 2.147619 

215108_x_at TOX3 2.140115 

233011_at ANXA1 2.133965 

1557215_at --- 2.128483 
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241764_at --- 2.117625 

237281_at AKAP14 2.103035 

1560263_at --- 2.097024 

242135_at LOC100289097 /// LOC642236 2.091659 

228038_at SOX2 2.091039 

232523_at MEGF10 2.088581 

203824_at TSPAN8 2.085958 

219564_at KCNJ16 2.081835 

1560698_a_at LOC283392 2.08095 

214254_at MAGEA4 2.080882 

227952_at --- 2.069879 

207663_x_at GAGE3 2.064872 

243803_at LOC643037 2.063428 

205694_at TYRP1 2.057269 

215733_x_at CTAG2 2.056144 

235978_at FABP4 2.051792 

206228_at PAX2 2.049798 

1555253_at COL25A1 2.039186 

220004_at DDX43 2.033563 

209243_s_at PEG3 /// ZIM2 2.032236 

206280_at CDH18 2.028825 

216370_s_at TKTL1 2.025441 

1569878_at CCNYL2 2.023213 

216623_x_at TOX3 2.02106 

228598_at DPP10 2.020064 

1555778_a_at POSTN 2.013968 

232056_at SCEL 2.012073 

228285_at TDRD9 2.011942 

218468_s_at GREM1 2.009714 

1559316_at --- 2.008126 

229294_at JPH3 2.000996 

228546_at DPP6 1.998013 

232535_at --- 1.997329 

235059_at RAB12 1.989138 

229669_at LOC440416 1.988565 

220269_at ZBBX 1.984739 

205646_s_at PAX6 1.984595 
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205725_at SCGB1A1 1.983743 

206811_at ADCY8 1.977468 

1568603_at CADPS 1.97021 

229542_at C20orf85 1.968955 

229554_at --- 1.9686 

1561367_a_at --- 1.967189 

215704_at FLG 1.96351 

239150_at SNTN 1.959768 

235557_at GPAT2 1.95851 

204712_at WIF1 1.953784 

243161_x_at ZFP42 1.951035 

206089_at NELL1 1.947782 

218469_at GREM1 1.943262 

219759_at ERAP2 1.942969 

241726_at --- 1.941489 

230865_at LIX1 1.935043 

219249_s_at FKBP10 1.922027 

229151_at SLC14A1 1.919833 

1557155_a_at --- 1.918916 

207039_at CDKN2A 1.915419 

205916_at S100A7 1.913941 

219873_at COLEC11 1.912881 

204915_s_at SOX11 1.908043 

1566842_at --- 1.90727 

1555867_at GNG4 1.906372 

204548_at STAR 1.90532 

1559459_at LOC613266 1.903014 

205728_at ODZ1 1.902304 
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Appendix G 

HBO Exposure Significant Genes  

probeset_id Gene Symbol p-value 
Mean Fold Change 

(paired Post/Pre) 

218433_at PANK3 2.16E-08 0.819037 

203700_s_at DIO2 2.42E-08 0.814508 

213763_at HIPK2 9.97E-07 0.77164 

218424_s_at STEAP3 1.55E-06 0.806642 

210400_at GRIN2C 2.61E-06 0.806642 

215926_x_at SNAPC4 2.7E-06 0.823591 

214824_at --- 2.8E-06 0.79996 

36829_at PER1 2.99E-06 0.924023 

202861_at PER1 3.54E-06 0.808881 

217369_at IGHG1 3.62E-06 0.814508 

216036_x_at WDTC1 3.81E-06 0.865737 

220470_at BET1L 3.9E-06 0.824734 

210519_s_at NQO1 3.95E-06 0.877822 

219103_at ASAP3 4.76E-06 0.83047 

211599_x_at MET 5.83E-06 0.765248 

207502_at GUCA2B 5.94E-06 0.816769 

204560_at FKBP5 5.96E-06 0.814508 

209380_s_at ABCC5 6.77E-06 1.239708 

211140_s_at CASP2 7.09E-06 0.815637 

221352_at --- 7.49E-06 0.856188 

203276_at LMNB1 7.53E-06 1.468151 

221331_x_at CTLA4 7.54E-06 0.767373 

203532_x_at CUL5 7.98E-06 0.700278 

203220_s_at TLE1 8.33E-06 0.827023 

210963_s_at GYG2 8.4E-06 0.76631 

219883_at C11orf20 8.99E-06 0.75576 

219855_at NUDT11 9.43E-06 0.84792 

209641_s_at ABCC3 1.02E-05 0.739181 

208964_s_at FADS1 1.05E-05 0.775931 

212619_at TMEM194A 1.12E-05 0.827023 

209466_x_at PTN 1.14E-05 0.825878 
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205377_s_at ACHE 1.16E-05 0.745355 

207295_at SCNN1G 1.17E-05 0.732043 

215327_at --- 1.18E-05 0.795536 

215456_at --- 1.24E-05 0.810003 

214025_at DDX28 1.25E-05 0.717972 

202052_s_at RAI14 1.26E-05 0.742262 

201116_s_at CPE 1.3E-05 0.823591 

208479_at KCNA1 1.35E-05 0.75576 

206753_at RDH16 1.35E-05 0.687771 

220847_x_at ZNF221 1.36E-05 0.803294 

220805_at HRH2 1.37E-05 0.794434 

207938_at PI15 1.39E-05 0.770571 

211483_x_at CAMK2B 1.43E-05 0.764188 

220870_at --- 1.43E-05 0.757858 

209680_s_at KIFC1 1.5E-05 0.792235 

213865_at DCBLD2 1.57E-05 0.752623 

202046_s_at GRLF1 1.58E-05 0.839731 

215896_at --- 1.61E-05 0.694478 

216890_at --- 1.62E-05 0.721965 

205996_s_at AK2 1.62E-05 0.833931 

205219_s_at GALK2 1.73E-05 0.704172 

213075_at OLFML2A 1.81E-05 0.775931 

221465_at OR6A2 2E-05 0.782412 

206002_at GPR64 2.11E-05 0.738157 

203540_at GFAP 2.24E-05 0.791137 

216733_s_at GATM 2.35E-05 0.887611 

208608_s_at SNTB1 2.37E-05 0.792235 

204268_at S100A2 2.39E-05 0.739181 

220463_at TRPM3 2.4E-05 0.76313 

221701_s_at STRA6 2.44E-05 0.697372 

217007_s_at ADAM15 2.45E-05 0.856188 

219914_at ECEL1 2.46E-05 0.790041 

214297_at CSPG4 2.51E-05 0.765248 

213756_s_at HSF1 2.55E-05 0.757858 

206987_x_at FGF18 2.59E-05 0.723969 

210689_at CLDN14 2.62E-05 0.769504 
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206192_at CDSN 2.65E-05 0.757858 

208316_s_at OCRL 2.75E-05 0.721965 

216637_at --- 2.85E-05 0.786762 

219484_at HCFC2 2.94E-05 0.80107 

206449_s_at MASP1 2.96E-05 0.795536 

213371_at LDB3 2.98E-05 0.862144 

210824_at --- 3.02E-05 0.793334 

204835_at POLA1 3.06E-05 0.833931 

219725_at TREM2 3.07E-05 0.797745 

205762_s_at DUS4L 3.07E-05 0.802181 

214287_s_at CDK13 3.08E-05 0.840896 

200862_at DHCR24 3.13E-05 0.810003 

212897_at CDK19 3.25E-05 1.396679 

218192_at IP6K2 3.26E-05 1.394744 

209594_x_at PSG9 3.26E-05 0.812252 

208399_s_at EDN3 3.31E-05 0.754713 

207486_x_at CHN2 3.32E-05 0.882703 

216738_at --- 3.33E-05 0.80107 

205909_at POLE2 3.38E-05 0.86334 

216610_at SLC6A2 3.61E-05 0.726986 

204649_at TROAP 3.73E-05 0.777007 

221133_s_at CLDN18 3.73E-05 0.823591 

202209_at LSM3 3.84E-05 0.853818 

219954_s_at GBA3 3.88E-05 0.745355 

213449_at POP1 3.97E-05 0.922742 

209182_s_at C10orf10 3.97E-05 0.726986 

210570_x_at MAPK9 3.97E-05 0.773782 

220722_s_at SLC5A7 3.98E-05 0.717972 

219592_at MCPH1 3.99E-05 0.877822 

217671_at --- 4E-05 1.286989 

211117_x_at ESR2 4.03E-05 0.736113 

222318_at ZNF324B 4.04E-05 0.79664 

204687_at PARM1 4.05E-05 0.772711 

214398_s_at IKBKE 4.06E-05 0.870551 

209980_s_at SHMT1 4.07E-05 0.762072 

210744_s_at IL5RA 4.1E-05 0.84792 
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220009_at LONRF3 4.12E-05 0.811127 

208813_at GOT1 4.15E-05 0.80107 

207134_x_at TPSB2 4.15E-05 0.851454 

212091_s_at COL6A1 4.23E-05 0.798852 

203982_s_at ABCD4 4.3E-05 0.743291 

205635_at KALRN 4.31E-05 0.694478 

209968_s_at NCAM1 4.31E-05 0.714002 

206051_at ELAVL4 4.34E-05 0.887611 

207609_s_at CYP1A2 4.42E-05 0.876606 

216654_at TNXB 4.43E-05 0.708088 

213321_at BCKDHB 4.53E-05 0.832776 

207687_at INHBC 4.58E-05 0.725979 

217960_s_at TOMM22 4.61E-05 0.929161 

214031_s_at KRT7 4.63E-05 0.82932 

205563_at KISS1 4.63E-05 0.846745 

205601_s_at HOXB5 4.63E-05 0.746389 

216181_at SYNJ2 4.65E-05 0.75891 

210080_x_at CELA3A 4.69E-05 0.781328 

215468_at LOC647070 4.72E-05 1.758079 

203924_at GSTA1 4.78E-05 0.79996 

220894_x_at PRDM12 4.82E-05 0.717972 

210398_x_at FUT6 4.89E-05 0.734075 

216257_at SERPINB13 4.92E-05 0.695441 

214067_at C16orf42 4.97E-05 0.686818 

206044_s_at BRAF 4.97E-05 0.944747 

214111_at OPCML 5E-05 0.723969 

206969_at KRT34 5.04E-05 0.798852 

213760_s_at ZNF330 5.05E-05 0.849096 

219768_at VTCN1 5.1E-05 0.645281 

206367_at REN 5.21E-05 0.784584 

215711_s_at WEE1 5.26E-05 0.787854 

216340_s_at CYP2A7P1 5.4E-05 0.782412 

206089_at NELL1 5.4E-05 0.781328 

204196_x_at PKNOX1 5.53E-05 0.86814 

207129_at CA5B 5.62E-05 0.723969 

201402_at ADRBK1 5.65E-05 0.793334 
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210804_x_at SLC8A1 5.66E-05 0.645281 

207037_at TNFRSF11A 5.68E-05 0.824734 

210820_x_at COQ7 5.74E-05 0.824734 

202008_s_at NID1 5.75E-05 0.802181 

209833_at CRADD 5.78E-05 0.810003 

213732_at TCF3 5.79E-05 0.674551 

202734_at TRIP10 5.84E-05 0.731029 

215261_at --- 5.86E-05 0.82245 

214704_at TCF25 5.86E-05 0.660669 

207704_s_at GAS7 5.87E-05 0.906262 

211330_s_at HFE 6.08E-05 0.761017 

220404_at GPR97 6.09E-05 1.700548 

201202_at PCNA 6.12E-05 1.334223 

209766_at --- 6.2E-05 0.76631 

215491_at MYCL1 6.2E-05 0.764188 

213709_at BHLHB9 6.21E-05 0.810003 

206766_at ITGA10 6.28E-05 0.767373 

209952_s_at MAP2K7 6.44E-05 0.804408 

214070_s_at ATP10B 6.58E-05 0.640824 

220224_at HAO1 6.72E-05 0.944747 

217311_at --- 6.77E-05 0.784584 

211624_s_at DRD2 6.78E-05 0.84792 

204585_s_at L1CAM 6.88E-05 0.805524 

214602_at COL4A4 6.88E-05 0.795536 

206286_s_at TDGF1 /// TDGF3 6.88E-05 0.772711 

206430_at CDX1 6.91E-05 0.788947 

222102_at GSTA3 6.93E-05 0.754713 

217515_s_at CACNA1S 6.98E-05 0.785673 

211916_s_at MYO1A 7.02E-05 0.68302 

216763_at KANK1 7.04E-05 0.836246 

221217_s_at RBFOX1 7.08E-05 0.694478 

214197_s_at SETDB1 7.08E-05 0.797745 

211674_x_at CTAG1A /// CTAG1B 7.16E-05 0.833931 

201431_s_at DPYSL3 7.24E-05 0.715984 

207050_at CACNA2D1 7.32E-05 0.835088 

217013_at AZGP1P1 7.33E-05 0.625031 
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216866_s_at COL14A1 7.36E-05 0.817902 

208210_at MAS1 7.39E-05 0.7495 

217702_at IL27RA 7.39E-05 0.718968 

203199_s_at MTRR 7.43E-05 0.845572 

206195_x_at GH2 7.43E-05 0.828171 

216301_at LOC100287927 7.53E-05 0.849096 

220073_s_at PLEKHG6 7.55E-05 0.668964 

207036_x_at GRIN2D 7.63E-05 0.724973 

207477_at --- 7.77E-05 0.668037 

220829_s_at B3GALT1 7.79E-05 0.887611 

204975_at EMP2 7.84E-05 0.743291 

214133_at MUC6 7.85E-05 0.797745 

217421_at PIWIL2 7.91E-05 0.752623 

206690_at ACCN1 7.98E-05 0.803294 

209637_s_at RGS12 8.03E-05 0.788947 

209883_at GLT25D2 8.12E-05 0.680185 

217391_x_at --- 8.16E-05 0.804408 

205913_at PLIN1 8.17E-05 0.723969 

213158_at --- 8.26E-05 1.484524 

208346_at PPBPL2 8.28E-05 0.597082 

217355_at --- 8.29E-05 0.788947 

207757_at ZFP2 8.3E-05 0.695441 

206713_at NTNG1 8.3E-05 0.786762 

211382_s_at TACC2 8.44E-05 0.752623 

207950_s_at ANK3 8.46E-05 0.84792 

220045_at NEUROD6 8.51E-05 0.741234 

219773_at NOX4 8.52E-05 0.871758 

211089_s_at NEK3 8.53E-05 0.821311 

206350_at APCS 8.54E-05 0.782412 

220082_at PPP1R14D 8.62E-05 0.746389 

210692_s_at SLC43A3 8.86E-05 0.778085 

206869_at CHAD 8.94E-05 0.843231 

214498_at ASIP 8.99E-05 0.643495 

207792_at OPRD1 8.99E-05 0.915099 

216594_x_at AKR1C1 9.01E-05 0.934327 

207491_at MOGAT2 9.07E-05 0.812252 
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219884_at LHX6 9.1E-05 0.691595 

207028_at MYCNOS 9.13E-05 0.851454 

207241_at C4orf6 9.14E-05 0.819037 

213323_s_at ZC3H7B 9.18E-05 0.70125 

220737_at RPS6KA6 9.23E-05 0.744323 

213854_at SYNGR1 9.39E-05 0.782412 

207954_at GATA2 9.58E-05 0.696406 

204679_at KCNK1 9.6E-05 0.859756 

209749_s_at ACE 9.61E-05 0.717972 

216292_at --- 9.63E-05 0.783497 

206994_at CST4 9.77E-05 0.874179 

213232_at KIAA1467 9.78E-05 0.717972 

221367_at MOS 9.92E-05 0.775931 
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Appendix H 

Diurnal Significant Genes 

probeset_id Gene Symbol p-value 
Mean Fold Change 

(paired PM/AM) 

201700_at CCND3 1.28E-07 0.785574 

211257_x_at ZNF638 4.13E-07 1.231144 

212010_s_at CDV3 7.15E-07 1.123642 

205316_at SLC15A2 1.03E-06 1.298066 

212956_at TBC1D9 1.26E-06 1.282617 

202887_s_at DDIT4 1.39E-06 0.502527 

214737_x_at HNRNPC 2.58E-06 1.143643 

221841_s_at KLF4 3.07E-06 1.304626 

212626_x_at HNRNPC 3.93E-06 1.135028 

203843_at RPS6KA3 8.4E-06 1.147975 

209033_s_at DYRK1A 1.42E-05 1.110969 

202283_at SERPINF1 1.51E-05 0.683881 

212370_x_at FAM21A /// FAM21B /// FAM21C 1.55E-05 1.149422 

212180_at CRKL 1.84E-05 1.147252 

212163_at KIDINS220 2.16E-05 1.223411 

213775_x_at ZNF638 3.07E-05 1.218794 

221736_at RALGAPB 3.57E-05 1.115177 

204009_s_at KRAS 4E-05 1.211138 

211946_s_at BAT2L2 5.13E-05 1.131457 

201086_x_at SON 5.39E-05 1.162534 

208840_s_at G3BP2 5.62E-05 1.078548 

214988_s_at SON 5.67E-05 1.177278 

206736_x_at CHRNA4 6.26E-05 0.927757 

205008_s_at CIB2 6.39E-05 0.882703 

219371_s_at KLF2 6.44E-05 1.147975 

36711_at MAFF 6.89E-05 0.841426 

207238_s_at PTPRC 7.22E-05 1.201258 

203394_s_at HES1 7.28E-05 0.781131 

210001_s_at SOCS1 7.41E-05 0.715173 

203519_s_at UPF2 8.65E-05 1.169146 

212643_at MAPK1IP1L 9.14E-05 1.105382 

209271_at BPTF 9.39E-05 1.144364 
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213405_at RAB22A 9.75E-05 1.131457 

219913_s_at CRNKL1 9.76E-05 1.208089 

209263_x_at TSPAN4 9.98E-05 0.855325 
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Appendix I 

Decompression Stress Signature Genes 

ID Gene Symbol p-value 
Mean Fold Change 

(paired Post/Pre) 

210166_at TLR5 3E-17 1.566839 

221757_at PIK3IP1 9.03E-14 -1.37101 

211010_s_at NCR3 1.31E-13 -1.40746 

214235_at CYP3A5 4.79E-13 -1.64474 

208160_at --- 5E-13 -1.59107 

218018_at PDXK 1.5E-12 1.298124 

215144_at --- 9.81E-12 -1.51272 

213710_s_at CALM1 1.19E-11 -1.283 

203836_s_at MAP3K5 1.28E-11 1.41328 

213872_at C6orf62 2.68E-11 -1.64582 

202499_s_at SLC2A3 3.69E-11 1.658639 

203278_s_at PHF21A 5.67E-11 1.465536 

202464_s_at PFKFB3 1.74E-10 1.516467 

205539_at AVIL 1.89E-10 1.515967 

216174_at HCRP1 3.38E-10 -1.36221 

203140_at BCL6 3.76E-10 1.666871 

204714_s_at F5 6.78E-10 1.605051 

209999_x_at SOCS1 8.55E-10 -1.31473 

212463_at CD59 1.15E-09 1.355709 

207001_x_at TSC22D3 1.37E-09 -1.38786 

221895_at MOSPD2 1.64E-09 1.389918 

81737_at --- 2.09E-09 -1.24957 

214807_at --- 2.68E-09 1.422171 

214472_at HIST1H2AD /// HIST1H3D 3.06E-09 1.826155 

222088_s_at SLC2A14 /// SLC2A3 3.32E-09 1.692094 

214617_at PRF1 3.64E-09 -1.44536 

213159_at PCNX 3.72E-09 1.356828 

220285_at FAM108B1 3.96E-09 -1.16416 

204713_s_at F5 4.4E-09 1.52324 

212719_at PHLPP1 4.49E-09 1.472324 

207796_x_at KLRD1 5.09E-09 -1.35213 

206420_at IGSF6 5.61E-09 1.571241 
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208076_at HIST1H4D 6.22E-09 1.387626 

218927_s_at CHST12 8.07E-09 -1.21239 

219451_at MSRB2 9.82E-09 1.439884 

214447_at ETS1 9.84E-09 -1.2064 

201670_s_at MARCKS 1.07E-08 1.605581 

211583_x_at NCR3 1.14E-08 -1.42288 

203542_s_at KLF9 1.21E-08 -1.30715 

205232_s_at PAFAH2 1.25E-08 -1.16224 

210763_x_at NCR3 1.38E-08 -1.39659 

201861_s_at LRRFIP1 1.4E-08 1.332199 

216838_at LOC92249 1.61E-08 -1.25743 

205883_at ZBTB16 1.75E-08 -1.4297 

216782_at --- 1.92E-08 1.841895 

221105_at --- 2.39E-08 -1.35102 

210943_s_at LYST 2.4E-08 1.298124 

211397_x_at KIR2DL2 2.62E-08 -1.4264 

222145_at --- 2.81E-08 -1.28025 

209870_s_at APBA2 2.89E-08 -1.20999 

219625_s_at COL4A3BP 2.89E-08 1.335281 

203143_s_at KIAA0040 2.98E-08 1.346122 

205022_s_at FOXN3 3.22E-08 1.336162 

212208_at MED13L 3.24E-08 1.29791 

208203_x_at KIR2DS5 3.4E-08 -1.3785 

205291_at IL2RB 3.47E-08 -1.33352 

209170_s_at GPM6B 3.76E-08 -1.61089 

215252_at --- 3.85E-08 -1.42264 

213002_at MARCKS 4.01E-08 1.401666 

219821_s_at GFOD1 4.33E-08 -1.28131 

37145_at GNLY 4.38E-08 -1.47866 

216621_at --- 4.43E-08 1.354591 

206582_s_at GPR56 4.79E-08 -1.22486 

204794_at DUSP2 5.2E-08 -1.45325 

210835_s_at CTBP2 6.7E-08 1.285546 

214234_s_at CYP3A5 6.79E-08 -1.3344 

216370_s_at TKTL1 6.82E-08 -1.20203 

210119_at KCNJ15 6.96E-08 1.815038 
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216552_x_at KIR2DS4 7.49E-08 -1.33572 

214977_at --- 9.42E-08 -1.58348 

211469_s_at CXCR6 1E-07 -1.23623 

215707_s_at PRNP 1.04E-07 -1.15554 

205041_s_at ORM1 /// ORM2 1.11E-07 2.145316 

218472_s_at PELO 1.14E-07 1.361988 

216913_s_at RRP12 1.18E-07 1.27393 

204066_s_at AGAP1 1.29E-07 -1.27477 

214450_at CTSW 1.4E-07 -1.7305 

218773_s_at MSRB2 1.57E-07 1.330661 

202682_s_at USP4 1.6E-07 1.297054 

201454_s_at NPEPPS 1.63E-07 1.276245 

213596_at CASP4 1.64E-07 1.392214 

202498_s_at SLC2A3 1.67E-07 1.671279 

221756_at PIK3IP1 1.67E-07 -1.27751 

202945_at FPGS 1.69E-07 -1.16781 

215322_at --- 1.78E-07 1.357724 

202497_x_at SLC2A3 1.78E-07 1.438459 

209091_s_at SH3GLB1 1.91E-07 1.392903 

216757_at --- 2.02E-07 -1.31516 

215864_at --- 2.34E-07 -1.43514 

218638_s_at SPON2 2.41E-07 -1.53688 

201028_s_at CD99 2.45E-07 -1.32038 

211085_s_at STK4 2.46E-07 1.460466 

213584_s_at CREBZF 2.65E-07 -1.14321 

221718_s_at AKAP13 2.69E-07 1.366717 

202241_at TRIB1 2.69E-07 1.484279 

206974_at CXCR6 2.7E-07 -1.17129 

219175_s_at SLC41A3 2.76E-07 -1.1609 

220528_at VNN3 2.86E-07 1.593438 

202443_x_at NOTCH2 2.9E-07 1.260129 

215435_at --- 2.98E-07 1.479143 

209473_at ENTPD1 3.42E-07 1.328905 

208763_s_at TSC22D3 3.43E-07 -1.23318 

204103_at CCL4 3.91E-07 -1.42546 

215992_s_at RAPGEF2 4.31E-07 1.413747 
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208179_x_at KIR2DL3 4.42E-07 -1.28576 

207982_at HIST1H1T 4.54E-07 1.349013 

214388_at --- 5.08E-07 -1.25639 

210890_x_at KIR2DL1 5.28E-07 -1.30845 

215645_at FLCN 5.72E-07 1.297482 

218880_at FOSL2 5.78E-07 1.397739 

218856_at TNFRSF21 5.83E-07 -1.17071 

201044_x_at DUSP1 5.99E-07 -1.24094 

212657_s_at IL1RN 6.46E-07 1.529032 

201220_x_at CTBP2 6.59E-07 1.251012 

200815_s_at PAFAH1B1 6.82E-07 1.245244 

216548_x_at HMGB3P1 6.84E-07 -1.16377 

219253_at TMEM185B 7.26E-07 1.298339 

201786_s_at ADAR 7.59E-07 1.22002 

208974_x_at KPNB1 7.65E-07 1.279408 

38707_r_at E2F4 7.96E-07 -1.19965 

206099_at PRKCH 8.69E-07 -1.14227 

211806_s_at KCNJ15 9.13E-07 1.600818 

213747_at --- 9.22E-07 -1.26409 

208999_at 41160 9.3E-07 -1.1657 

37117_at ARHGAP8 /// PRR5-ARHGAP8 9.33E-07 -1.25101 

201484_at SUPT4H1 9.67E-07 1.199259 

210101_x_at SH3GLB1 9.77E-07 1.350127 

206589_at GFI1 9.79E-07 -1.20362 

207038_at SLC16A6 9.9E-07 1.320597 

205495_s_at GNLY 1.05E-06 -1.47476 

213229_at DICER1 1.08E-06 1.267847 

205099_s_at CCR1 1.09E-06 1.434429 

209026_x_at TUBB 1.13E-06 -1.18607 

209575_at IL10RB 1.14E-06 1.288732 

220694_at ASAP1-IT 1.18E-06 1.390607 

211682_x_at UGT2B28 1.21E-06 -1.21821 

213798_s_at CAP1 1.25E-06 1.203422 

200811_at CIRBP 1.3E-06 -1.20183 

207907_at TNFSF14 1.36E-06 1.396125 

212521_s_at PDE8A 1.36E-06 -1.15764 
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220690_s_at DHRS7B 1.45E-06 1.180993 

213395_at MLC1 1.46E-06 -1.22325 

202481_at DHRS3 1.57E-06 -1.22527 

212377_s_at NOTCH2 1.64E-06 1.277087 

210891_s_at GTF2I /// GTF2IP1 /// LOC100093631 1.68E-06 1.27372 

206073_at COLQ 1.7E-06 -1.28004 

217762_s_at RAB31 1.82E-06 1.417719 

211410_x_at KIR2DL5A 1.9E-06 -1.40028 

217757_at A2M 2.08E-06 -1.1607 

204567_s_at ABCG1 2.12E-06 1.69965 

221417_x_at S1PR5 2.23E-06 -1.33176 

204811_s_at CACNA2D2 2.23E-06 -1.24586 

211687_x_at KIR3DL1 2.3E-06 -1.34257 

209864_at FRAT2 2.35E-06 1.444644 

220319_s_at MYLIP 2.61E-06 1.284061 

202022_at ALDOC 2.67E-06 -1.23318 

215605_at NCOA2 2.69E-06 1.233992 

214815_at TRIM33 2.88E-06 1.330002 

221002_s_at TSPAN14 2.89E-06 -1.14152 

218618_s_at FNDC3B 2.95E-06 1.380545 

202224_at CRK 2.99E-06 1.296412 

202458_at PRSS23 3.02E-06 -1.29235 

58367_s_at ZNF419 3.18E-06 -1.12228 

213788_s_at NCRNA00094 3.22E-06 -1.1808 

220710_at C15orf28 3.22E-06 1.457817 

219168_s_at PRR5 3.25E-06 -1.34701 

212468_at SPAG9 3.28E-06 1.363563 

221524_s_at RRAGD 3.49E-06 1.370104 

216072_at --- 3.49E-06 -1.24155 

213488_at SNED1 3.55E-06 -1.28831 

209110_s_at RGL2 3.56E-06 1.197281 

201566_x_at ID2 3.64E-06 -1.1955 

205432_at OVGP1 3.76E-06 -1.27351 

208392_x_at SP110 3.97E-06 1.224458 

202879_s_at CYTH1 4.15E-06 -1.15726 

217184_s_at LTK 4.16E-06 -1.31342 
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215639_at SH2D3C 4.19E-06 1.279408 

203221_at TLE1 4.36E-06 -1.15288 

206171_at ADORA3 4.37E-06 -1.26409 

214486_x_at CFLAR 4.45E-06 1.2915 

213579_s_at EP300 4.73E-06 1.256184 

208012_x_at SP110 4.99E-06 1.192942 

205040_at ORM1 5.1E-06 1.51822 

201379_s_at TPD52L2 5.13E-06 1.231348 

214743_at CUX1 5.14E-06 1.27414 

208198_x_at KIR2DS1 5.36E-06 -1.30435 

217929_s_at KIAA0319L 5.44E-06 1.243396 

212899_at CDK19 5.5E-06 1.382141 

215029_at --- 5.96E-06 1.410717 

219170_at FSD1 5.98E-06 -1.17322 

201580_s_at TMX4 6E-06 1.251012 

208200_at IL1A 6.69E-06 1.339253 

216676_x_at KIR3DL3 6.71E-06 -1.33859 

216551_x_at PLCG1 6.92E-06 -1.23869 

213915_at NKG7 7.39E-06 -1.41983 

207392_x_at UGT2B15 7.5E-06 -1.09159 

201926_s_at CD55 7.51E-06 1.380317 

202581_at HSPA1A /// HSPA1B 7.82E-06 1.366717 

47069_at PRR5 7.92E-06 -1.29043 

211532_x_at KIR2DS2 8.2E-06 -1.52853 

210620_s_at GTF3C2 8.47E-06 -1.10537 

217529_at ORAI2 8.58E-06 1.308233 

212756_s_at UBR2 8.64E-06 1.276666 

212379_at GART 9.04E-06 -1.08476 

215966_x_at GK3P 9.2E-06 1.471838 

211544_s_at GHRHR 9.3E-06 -1.15079 

203747_at AQP3 9.35E-06 -1.18881 

213507_s_at KPNB1 9.41E-06 1.201636 

200999_s_at CKAP4 9.61E-06 1.326933 

205945_at IL6R 9.65E-06 1.447986 

212016_s_at PTBP1 9.82E-06 -1.15098 

211389_x_at KIR3DS1 9.83E-06 -1.35124 
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213351_s_at TMCC1 9.9E-06 1.427815 

212831_at MEGF9 9.99E-06 1.342351 

214733_s_at YIPF1 1E-05 1.192155 

215318_at N4BP2L2-IT 1.01E-05 1.42006 

205896_at SLC22A4 1.03E-05 1.476704 

209762_x_at SP110 1.08E-05 1.209196 

210386_s_at LOC100510712 /// MTX1 1.08E-05 1.165887 

209782_s_at DBP 1.09E-05 -1.22608 

201996_s_at SPEN 1.11E-05 1.248949 

216604_s_at SLC7A8 1.11E-05 -1.22749 

204334_at KLF7 1.12E-05 1.350127 

200607_s_at RAD21 1.13E-05 1.239708 

221147_x_at WWOX 1.13E-05 -1.15098 

31846_at RHOD 1.15E-05 -1.18197 

208056_s_at CBFA2T3 1.17E-05 1.332859 

217088_s_at NCR1 1.22E-05 -1.19728 

216236_s_at SLC2A14 /// SLC2A3 1.27E-05 1.348346 

220272_at BNC2 1.33E-05 -1.23828 

217039_x_at IGHG1 1.33E-05 -1.24135 

214279_s_at NDRG2 1.35E-05 -1.15688 

117_at HSPA6 1.36E-05 1.42358 

217995_at SQRDL 1.44E-05 1.234603 

217100_s_at UBXN7 1.44E-05 1.347011 

211242_x_at KIR2DL4 1.45E-05 -1.27372 

214153_at ELOVL5 1.46E-05 1.240117 

201248_s_at SREBF2 1.47E-05 -1.14454 

205174_s_at QPCT 1.47E-05 1.624237 

207291_at PRRG4 1.5E-05 1.314075 

216355_at --- 1.52E-05 -1.174 

207834_at FBLN1 1.6E-05 -1.16512 

209600_s_at ACOX1 1.61E-05 1.510971 

221180_at YSK4 1.68E-05 -1.21119 

39313_at WNK1 1.72E-05 1.292566 

204994_at MX2 1.73E-05 1.245039 

209299_x_at PPIL2 1.74E-05 -1.15402 

207691_x_at ENTPD1 1.76E-05 1.324089 
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215310_at APC 1.8E-05 1.240936 

204188_s_at RARG 1.82E-05 -1.17924 

209508_x_at CFLAR 1.82E-05 1.29941 

206524_at T 1.84E-05 -1.16994 

201420_s_at WDR77 1.85E-05 -1.12006 

205068_s_at ARHGAP26 1.88E-05 1.361988 

215191_at --- 1.88E-05 1.358845 

211714_x_at TUBB 1.91E-05 -1.16377 

211965_at ZFP36L1 1.95E-05 1.425226 

203586_s_at ARL4D 1.96E-05 -1.18803 

205285_s_at FYB 2.02E-05 1.310177 

219828_at C9orf86 2.06E-05 -1.20025 

213418_at HSPA6 2.08E-05 1.393823 

206057_x_at SPN 2.08E-05 -1.21801 

219529_at CLIC3 2.08E-05 -1.48477 

208595_s_at MBD1 2.09E-05 -1.12043 

202912_at ADM 2.11E-05 1.703301 

205098_at CCR1 2.11E-05 1.301771 

211245_x_at KIR2DL4 2.13E-05 -1.23135 

215392_at --- 2.18E-05 1.541193 

209761_s_at SP110 2.23E-05 1.204217 

219531_at CEP72 2.27E-05 -1.10081 

204398_s_at EML2 2.32E-05 -1.18275 

204760_s_at NR1D1 /// THRA 2.32E-05 -1.17225 

205839_s_at BZRAP1 2.4E-05 -1.32191 

201468_s_at NQO1 2.46E-05 -1.13344 

221146_at --- 2.49E-05 -1.16589 

209911_x_at HIST1H2BD 2.49E-05 1.415615 

220514_at LOC100508936 2.54E-05 -1.28449 

203434_s_at MME 2.54E-05 1.820138 

205931_s_at CREB5 2.55E-05 1.561418 

217552_x_at CR1 2.6E-05 1.379634 

218480_at AGBL5 2.61E-05 -1.17167 

221073_s_at NOD1 2.62E-05 -1.13607 

212864_at CDS2 2.62E-05 1.29406 

201820_at KRT5 2.64E-05 -1.18783 
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203222_s_at TLE1 2.65E-05 -1.20581 

215977_x_at GK 2.76E-05 1.391066 

203194_s_at NUP98 2.81E-05 1.31061 

201651_s_at PACSIN2 2.9E-05 1.345456 

49327_at SIRT3 2.9E-05 -1.14927 

207652_s_at CMKLR1 2.91E-05 -1.18255 

202990_at PYGL 2.92E-05 1.439884 

209474_s_at ENTPD1 2.93E-05 1.313425 

221045_s_at PER3 3.05E-05 -1.11692 

210606_x_at KLRD1 3.08E-05 -1.28406 

210442_at IL1RL1 3.15E-05 -1.22486 

218272_at TTC38 3.21E-05 -1.24915 

219561_at COPZ2 3.22E-05 -1.17458 

216836_s_at ERBB2 3.25E-05 -1.20362 

214505_s_at FHL1 3.27E-05 -1.1402 

1598_g_at GAS6 3.27E-05 -1.15288 

211800_s_at USP4 3.35E-05 1.227087 

211497_x_at NKX3-1 3.37E-05 -1.209 

215642_at --- 3.41E-05 -1.1961 

204786_s_at IFNAR2 3.5E-05 1.177878 

207075_at NLRP3 3.53E-05 1.250392 

396_f_at EPOR 3.62E-05 -1.50376 

207118_s_at MMP23A /// MMP23B 3.66E-05 -1.21801 

205103_at C1orf61 3.67E-05 -1.15783 

219799_s_at DHRS9 3.68E-05 1.272879 

211974_x_at RBPJ 3.71E-05 1.241755 

221581_s_at LAT2 3.72E-05 1.22264 

211286_x_at CSF2RA 3.73E-05 1.288094 

204668_at RNF24 3.75E-05 1.386939 

206468_s_at METTL13 3.75E-05 -1.09864 

212070_at GPR56 3.88E-05 -1.35549 

217864_s_at PIAS1 3.97E-05 1.248537 

202173_s_at VEZF1 4.07E-05 1.278563 

217584_at NPC1 4.11E-05 -1.1434 

215610_at --- 4.14E-05 -1.26242 

219478_at WFDC1 4.25E-05 -1.15269 
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207795_s_at KLRD1 4.25E-05 -1.26994 

209736_at SOX13 4.26E-05 -1.25743 

214340_at ALOX12P2 4.28E-05 -1.2395 

208568_at MC2R 4.29E-05 -1.22042 

211899_s_at TRAF4 4.31E-05 -1.12915 

210598_at --- 4.33E-05 1.344568 

207494_s_at ZNF76 4.45E-05 -1.12191 

216531_at YY2 4.51E-05 -1.18921 

220234_at CA8 4.55E-05 -1.14001 

207351_s_at SH2D2A 4.66E-05 -1.22345 

211688_x_at KIR3DL1 /// KIR3DL2 /// LOC727787 4.72E-05 -1.41912 

211316_x_at CFLAR 4.72E-05 1.289796 

210373_at NPRL2 4.78E-05 -1.18002 

39763_at HPX 4.9E-05 -1.15917 

220340_at GREB1L 4.98E-05 -1.25577 

204197_s_at RUNX3 5.09E-05 -1.20621 

206464_at BMX 5.11E-05 1.307801 

216366_x_at --- 5.12E-05 -1.22183 

207835_at FBLN1 5.14E-05 -1.16936 

200800_s_at HSPA1A /// HSPA1B 5.16E-05 1.346789 

217104_at ST20 5.26E-05 1.504502 

216130_at --- 5.28E-05 -1.14624 

219403_s_at HPSE 5.38E-05 1.382597 

214906_x_at N4BP2L1 5.38E-05 -1.11012 

201609_x_at ICMT 5.42E-05 -1.07745 

202530_at MAPK14 5.48E-05 1.239912 

203554_x_at PTTG1 5.59E-05 -1.15174 

202245_at LSS 5.63E-05 -1.1961 

202589_at TYMS 5.65E-05 -1.18353 

210424_s_at GOLGA8A /// GOLGA8B 5.69E-05 -1.14605 

203574_at NFIL3 5.69E-05 1.479143 

203879_at PIK3CD 5.72E-05 1.2344 

209765_at ADAM19 5.75E-05 1.241141 

32094_at CHST3 5.78E-05 -1.17206 

210601_at CDH6 5.83E-05 -1.1959 

220398_at GNPTAB 5.89E-05 -1.15345 
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216981_x_at SPN 6.02E-05 -1.19985 

218296_x_at MSTO1 /// MSTO2P 6.07E-05 -1.09465 

220519_s_at LIM2 6.26E-05 -1.16608 

209155_s_at NT5C2 6.26E-05 1.262835 

211534_x_at PTPRN2 6.27E-05 -1.21279 

214183_s_at TKTL1 6.48E-05 -1.17905 

218529_at CD320 6.54E-05 -1.19906 

218126_at FAM82A2 6.56E-05 -1.10063 

218898_at FAM57A 6.57E-05 -1.13682 

210164_at GZMB 6.66E-05 -1.31798 

222132_s_at AGK 6.7E-05 -1.10391 

202366_at ACADS 6.77E-05 -1.16166 

202193_at LIMK2 6.85E-05 1.412348 

212801_at CIT 6.91E-05 -1.12617 

202081_at IER2 6.98E-05 1.155162 

205256_at ZBTB39 7.16E-05 -1.10245 

206025_s_at TNFAIP6 7.18E-05 1.693211 

221346_at OR10J1 7.26E-05 -1.19255 

220001_at PADI4 7.27E-05 1.371235 

219114_at C3orf18 7.29E-05 -1.19827 

205594_at ZNF652 7.33E-05 1.454453 

206767_at RBMS3 7.38E-05 -1.13363 

221249_s_at FAM117A 7.46E-05 -1.22466 

201681_s_at DLG5 7.48E-05 -1.2068 

213654_at TAF5L 7.49E-05 -1.09159 

205568_at AQP9 7.5E-05 1.428994 

202752_x_at SLC7A8 7.64E-05 -1.25081 

207330_at PZP 7.65E-05 -1.19926 

210340_s_at CSF2RA 7.69E-05 1.310177 

216705_s_at ADA 7.82E-05 -1.17594 

39402_at IL1B 7.92E-05 1.361988 

49679_s_at MMP24 7.99E-05 -1.12934 

208485_x_at CFLAR 8.03E-05 1.306938 

208700_s_at TKT 8.27E-05 1.250599 

217374_x_at TARP /// TRGV3 /// TRGV5 8.42E-05 -1.15212 

211862_x_at CFLAR 8.42E-05 1.338148 
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215189_at KRT86 /// LOC100509764 8.5E-05 -1.15898 

215593_at --- 8.53E-05 -1.19906 

215558_at UBR2 8.62E-05 1.522988 

206369_s_at PIK3CG 8.78E-05 1.281521 

211900_x_at CD6 8.82E-05 -1.14889 

201392_s_at IGF2R 8.88E-05 1.410484 

221210_s_at NPL 9E-05 1.463361 

201686_x_at API5 9.05E-05 -1.16013 

203027_s_at MVD 9.14E-05 -1.21921 

217708_x_at --- 9.19E-05 -1.16128 

203435_s_at MME 9.29E-05 1.501525 

212099_at RHOB 9.31E-05 1.385567 

205185_at SPINK5 9.39E-05 -1.15994 

217488_x_at PMS2P3 9.51E-05 -1.1195 

58780_s_at ARHGEF40 9.53E-05 1.460707 

219394_at PGS1 9.6E-05 1.179824 

202488_s_at FXYD3 9.72E-05 -1.22587 

211804_s_at CDK2 9.77E-05 -1.12524 

205132_at ACTC1 9.89E-05 -1.1487 
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