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 Largest Single Dataset  % of Aggregate Dataset   Aggregated 
Cancer Type Sample Total  Sample Total Count  Sample Total 

Colorectal Cancer 373 14% 37  2,706

Lung Cancer 443 21% 34  2,062

Melanoma 154 18% 27  877

Head and Neck Cancer 95 18% 16  535

Gastric Cancer 200 40% 10  497

Pancreatic Cancer 39 15% 13  268

Cervical Cancer 42 19% 10  225

Figure 2. The effect of  combining multiple datasets on cancer type sample size

Figure 1. Gene expression distributions before and after quantile normalization 
Quantile normalization transforms individual dataset 
distributions into a common reference distribution, 
damping batch effects and promoting the true 
biological profile. The gene dimension of  the 
reference distribution was established by the 
intersection of  measured genes across the included 
platforms. For each gene, a single “best” reporter was 
nominated based on variance and mean expression 
level across all datasets. After filtering all datasets to 
the best gene-reporter, the experimental values were 
ranked and an average value for each rank across all 
datasets established the reference distribution. The 
reference distribution was then mapped to the 
original dataset values creating an identical 
distribution across all samples.

Abstract:
Associating predictive biomarkers with specific cancer subtypes allows the patient populations to be stratified for efficient clinical trials. This is difficult 
to do with microarray data because while many datasets measure the genomic attributes of  these cancer subtypes, the subtype sample size is often 
insufficient to reach desired statistical significance. Furthermore, the samples cannot be directly compared across datasets due to the inconsistency of  
sample metadata reporting and experimental batch effects. To address these challenges, inspired by previous efforts to compare gene expression data 
across experiments1,2, we present an approach to normalize individual datasets so that they can be combined into an integrated meta-dataset that 
contains sample subsets large enough to make confident associations between biomarkers and disease subtypes. Combining 337 datasets in 
Oncomine™ measured on specific platforms, we compiled a dataset that represents over 31,000 distinct samples. The experimental data were 
normalized across datasets using quantile normalization to reduce batch effects. The associated sample metadata was curated applying Oncomine 
annotation and ontology standards. 

Using this integrated dataset we identified a refined patient population for a MEK inhibitor. As expected based on the literature and previous clinical 
experience, subsets of  melanoma, pancreatic, and colorectal cancers were identified as the best candidate populations. Further analysis showed that 
the prevalence of  a sensitivity signature is highest in primary colorectal cancer and lower in metastatic. Late stage, metastatic patients are usually 
selected in early clinical trials, and this finding may indicate why trials for MEK inhibitors in colorectal cancers have been largely unsuccessful, while 
results in melanoma and pancreatic cancer have been more promising.

Methods:
337 gene expression datasets, including accompanying clinical metadata, were gathered from the public domain. We examined the NCI Thesaurus 
(http://ncit.nci.nih.gov/), a reference terminology and biomedical ontology, to identify disease nomenclature and the relationships between various 
disease terms. We then compared the terminology in the NCI Thesaurus with information available in SEER (http://seer.cancer.gov/), a NCI program 
that provides cancer incidence rate statistics, to understand the most common cancer subtypes. Combining the information from the NCI Thesaurus 
and SEER, we developed a custom controlled disease vocabulary and hierarchy. This controlled disease vocabulary was applied to each sample in all 
337 datasets. Mapping these datasets to a common vocabulary enabled us to combine samples of  the same cancer types across datasets. 

In addition to having a common disease vocabulary, we also addressed variability in gene expression data by quantile normalizing datasets measured 
on Affymetrix U133 platforms3 (U133A, U133A 2.0, and U133 Plus 2.0). Quantile normalization enables comparison of  gene expression across 
individual experiments by reducing batch effects, which are systematic biases unrelated to underlying biology often introduced through experimental 
conditions (Figure 1). The individual quantile normalized datasets were then aggregated into a single, all-encompassing meta-dataset.

Results:
With the application of  a controlled vocabulary and the quantile normalization of  individual datasets, we were able to 
create an integrated meta-dataset. This meta-dataset is comprised of  31,194 samples spanning 220 distinct cancer types, 
creating sample subsets large enough to make confident associations between biomarkers and disease subtypes. Among 
the individual datasets, for example, the largest colorectal cancer dataset had 373 samples, which was only 14% of  the 
sample population available. The results of  combining all colorectal samples yield a population of  2,706 samples, 
represented by 37 different datasets (Figure 2). The controlled vocabulary enabled the grouping of  these 2,706 similar 
samples among the independent datasets. This larger set increases the statistical significance of  findings, lending 
confidence to trends and associations identified within the meta-dataset.

We combined two cell line panel datasets4,5 and performed hierarchical clustering with their original, non-quantile- 
normalized gene expression data. Identical cell lines clustered by dataset, demonstrating the prominence of  an 
experimental batch effect (Figure 3A). After ameliorating the batch effect through quantile normalization, cell lines 
associate most closely with identical cell lines from different experiments, boosting confidence that the gene expression 
profiles of  clinical specimen samples are the consequence of  true biological activity and can be compared across 
experiments (Figure 3B).

Application:
Gene expression signatures continue to gain acceptance in the scientific community as valid predictive biomarkers. Repeatedly extracting gene expression data for a specific gene set from 
individual datasets for the purpose of  evaluating gene expression signatures is arduous, time consuming and can be confounded by the variability of  genes measured on different 
platforms.

The microarray meta-dataset described here offers a single, normalized dataset that measures a common set of  genes with consistently annotated sample metadata. This dataset is an 
integral resource in evaluating predictive gene expression signatures and identifying which cancer types and subtypes may exhibit drug response or specific pathway activation (Figures 4 
and 5). Generating a ranked list of  cancer types determined by the frequencies of  highly expressed pathways or drug sensitivity signatures, pharmaceutical development teams can make 
informed decisions regarding clinical opportunity.

Sample size is significantly increased by combining similar samples from individual datasets together to form the integrated meta-dataset. 

Figure 4. CI-1040 signature scoring and frequencies across cancer types

A) CI-1040 signature scoring6 across clinical tumor populations

Average z-score normalized expression values were calculated for sensitive and resistant gene signatures across >25,000 clinical 
tumor specimens in the meta-dataset. First, the z-score expression value for each gene was calculated by subtracting the population 
mean from each sample’s raw score and dividing by the standard deviation of  the population. The gene signature scores were then 
calculated on a per sample basis as the mean of  the z-scores for all 175 genes in the signature. The two CI-1040 signatures, 
sensitivity (y-axis) vs. resistance (x-axis), were plotted and colored by cancer type. The top left quadrant was chosen for further 
analysis; this information was used to generate frequencies by cancer type for populations with MAPK pathway activation (Figure 4B).

B) Signature-positive frequencies for CI-1040 by cancer type

The tables of  signature-positive frequencies for CI-1040 provide a ranked list of  general and specific cancer types that enable patient 
population stratification to optimize drug response. 

Figure 5. CI-1040 signature scoring across stage and sample site in colorectal cancer

References:

A) CI-1040 signature scoring6 in colorectal cancer subtypes by N Stage

Average z-score normalized expression values were calculated as in Figure 4 and filtered for colorectal cancer and N Stage metadata. The two CI-1040 signatures, sensitivity (y-axis) vs. resistance (x-axis), 
were plotted and colored by N Stage. The median expression for each signature-stage is summarized in the inset table, which shows early stage colorectal cancer is more likely to respond to CI-1040.

B) CI-1040 signature scoring in colorectal cancer subtypes by cancer sample site

Average z-score normalized expression values were calculated as in Figure 4 and filtered for colorectal cancer and cancer sample site. The two CI-1040 signatures, sensitivity (y-axis) vs. resistance (x-axis), 
were plotted and colored by metastatic or primary tumor status. The median expression for each signature-sample-site is summarized in the inset table. The analysis indicates that primary colorectal 
cancer is more likely to respond to CI-1040. 

Figure 3. The effect of  quantile normalization on gene expression correlation

Dendrograms from unsupervised hierarchical clustering (Euclidean distance metric using complete linkage criteria) of  gene expression data 
across 5 cell lines selected from Shankavaram4 and Bild5 cell line panels. Figure 3A shows clustering before quantile normalization, 
demonstrating batch effects that cause cell lines to associate most closely with their original dataset (labeled by color). Figure 3B shows that 
after quantile normalization, identical cell lines associate most closely with each other.

A) Hierarchical clustering of  original expression data from Shankavaram and Bild cell line panels, prior to quantile normalization 

B) Hierarchical clustering of  quantile-normalized expression data from Shankavaram and Bild cell line panels
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A) Shankavaram Cell Line4: distribution of gene expression values 

B) Bild Cell Line5: distribution of gene expression values 

C) Quantile normalized distribution

Log2 transformed, median-centered gene expression values

Quantile normalized gene expression values

Log2 transformed, median-centered gene expression values
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General Cancer Type Frequency Count Total

Colorectal 97.3% 2,426 2,494

Esophageal 91.7% 100 109

Gastric 79.7% 366 459

Melanoma 79.2% 297 375

Lung 76.8% 1,084 1,411

Pancreatic 76.0% 130 171

Bladder 70.1% 138 197

Cervical 56.6% 107 189

Kidney 50.7% 426 840

Head & Neck 46.8% 234 500

Liver 42.2% 282 669

Other 30.6% 276 903

Ovarian 29.7% 502 1,692

Sarcoma 18.0% 192 1,066

Leukemia 11.4% 548 4,826

Lymphoma 10.4% 194 1,865

Breast 9.8% 406 4,162

Prostate 5.4% 21 390

Brain & CNS 1.2% 15 1,233

Myeloma 0.1% 2 2,081

Grand Total 30.2% 7,746 25,632

Specific Cancer Type Frequency Count Total

Lung

Lung Adenocarcinoma 79.20% 709 895

Squamous Cell Lung Carcinoma 77.80% 330 424

Large Cell Lung Carcinoma 42.60% 23 54

Kidney

Papillary Renal Cell Carcinoma 95.40% 103 108

Renal Pelvis Urothelial Carcinoma 87.50% 28 32

Renal Oncocytoma 63.30% 19 30

Chromophobe Renal Cell Carcinoma 52.40% 22 42

Clear Cell Renal Cell Carcinoma 46.80% 237 506

Granular Renal Cell Carcinoma 40.00% 4 10

Congenital Mesoblastic Nephroma 33.30% 4 12

Renal Wilms Tumor 0.00% 0 37

Rhabdoid Tumor of  the Kidney 0.00% 0 11

Clear Cell Sarcoma of  the Kidney 0.00% 0 31

Lymphoma

Mycosis Fungoides & Sezary Syndrome 86.40% 19 22

Extranodal Marginal Zone Lymphoma  37.10% 13 35
of  Mucosa-Associated Lymphoid Tissue

Hodgkin’s Lymphoma 33.00% 64 194

Anaplastic Large Cell Lymphoma 23.10% 9 39

Unspecified Peripheral T-Cell Lymphoma 10.30% 8 78

Diffuse Large B-Cell Lymphoma 6.90% 77 1,110

Angioimmunoblastic T-Cell Lymphoma 4.70% 2 43

Follicular Lymphoma 0.40% 1 238

Burkitt’s Lymphoma 0.00% 0 53

Adult T-Cell Leukemia/Lymphoma 0.00% 0 13
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   Sensitive Resistance 
 Count  Median Median 

N0 220 0.05 –0.08

N1 131 0.05 –0.02

N2 63 –0.03 0.03

   Sensitive Resistance 
 Count  Median Median 

Primary 330 0.05 –0.04

Metastasis 43 –0.03 0.04


