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Abstract

While the heterogeneity of cancer is increasingly appreciated, it is also clear that recurrently
deregulated pathways are shared between tumors across tissue types. To identify similarities
in subsets of tumors from multiple epithelial organs, we performed transcriptome profile
analysis of different epithelial tumors and cell lines (n=2928) from 17 different organs. We
identified three to seven consensus gene expression subtypes in epithelial tumors and cell
lines, irrespective of the organ-specific origin. These consensus subtypes showed biological
significance. Moreover, we identified specific gene signatures that could be used to develop
clinical assays for future application of this classification system. Overall, our study identifies
consensus transcriptome subtypes across organ-specific tumors and highlights new avenues
for precision therapy irrespective of the organ of origin.

Introduction

The clinical management of solid tumors is currently organized and administered by tissue of
origin and histopathology. Many studies have recently reported transcriptional subtypes in
cancers arising from specific tissues (1-6). However, many clinically actionable aberrations
cross tissue type; KRAS mutations in lung cancer are one example (7), and ERBB2
amplification in breast cancer (8) is another. Recently, we published gene expression
subtypes in pancreatic adenocarcinoma (PDA) (2), colorectal cancer (CRC) (3), and breast
cancer (BrCA) (9) and observed similarities in gene expression in certain subtypes across
these three tissues of origin. This led us to examine the similarities in subtypes across
different epithelial organ type cancers based on publically available gene expression profiles.
It is our expectation that the results from this study will help not only to understand similar
mechanisms operating in subsets of cancers from different epithelial organs, but will also
assist in the development of new methods to target cancer independent of the organ from
which they originate.

Results.

Identification of Consensus Subtypes.

We obtained published gene expression microarray analysis of epithelial tumors (n=843)
from five different organs — breast, colorectum, lung, pancreas and ovary (10-14), named as
multiorgan tumor (MOT)-5 dataset. An unsupervised clustering analysis of MOT-5 data set
with 353 genes using consensus based non-matrix factorization (NMF) algorithm (2, 3, 15)
identified three tumor subtypes (Figure 1A) score. These subtypes were hamed as subtype-
1, -2 and -3 (Figure 1A). Interestingly, we found that the MOT-5 samples can be further
subdivided to form a total of seven subtypes (Figure 1A).

Characteristics of the MOT-5 Subtypes.


https://doi.org/10.1101/042234

bioRxiv preprint doi: https://doi.org/10.1101/042234; this version posted March 3, 2016. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Next, we performed significant analysis of microarrays (SAM) using the MOT-5 data set and
identified 275 subtype-specific genes (MOTassigner-275) that are statistically significant
(FDR=0). We further reduced the MOTassigner-275 gene signature to a 51 gene signature
(MOTassigner-51), with the expectation that this may be useful for developing assays in the
clinic (Figure 1A). The characteristic genes associated with each subtype were shown in
Figures 1B-C.The proportions of subtypes across cancer types are shown in Figure 1D.

Discussion

Personalized/precision medicine is revolutionizing the way cancers are treated by identifying
and exploiting specific biological mechanisms/processes operating within a given tumor. We
have attempted to understand the similarities across multiple epithelial organ-type cancers
by subtyping them using gene expression profiles. This analysis led to the identication of
three to seven different subtypes that were irrespective of the organ of origin. This analysis
revealed that the majority of the subtype-specific gene signatures and mechanisms were
conserved across different organs.

This study supports the clinical significance of targeting these tumor subtypes irrespective of
the organ types. Future efforts are now needed to validate the MOT subtypes using clinical
assays based on RT-PCR and/or immunohistochemistry needs. Subsequently, such
methods could be further developed and tested for clinical utility. The current MOTassigner-
275 and MOTassigner-51 signatures are a starting point to develop these assays and test
their predictive values. Overall, our study provides the tools to test novel inhibitors without
known pharmacodynamic markers (e.g. mutations) in selected patient population with similar
subtype tumors.

Methodology.

Selection of variable genes and merging of data sets. Gene expression (Affymetrix
GeneChip® arrays) microarray data (CEL files) from different studies were obtained from
Gene Expression Omnibus (GEO) (16), and they were preprocessed and normalized (robust
multiarray average; rma(17)) using R and Bioconductor(18). GEOquery(19), a Bioconductor
package was used to obtain the patient data from GEO data sets.

NMF and Statistical Analysis of Microarrays (SAM) analysis. Datasets were subjected to
NMF(15) based consensus clustering to identify subtypes. Later, the subtypes defined by
NMF were used to perform SAM(20) analysis to identify genes that are specific to NMF
identified subtypes. Both NMF and SAM analysis were described in our previous publication

3).

Clustering of data and heatmaps. Gene Cluster 3.0(21) was used to cluster the gene
expression profile data and the results were viewed using GenePattern-based Hierarchical
Clustering Viewer(22).
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Figure Legends

Figure 1. MOT subtypes and their sighatures. A. Heatmap showing three and seven-
subtype possibilities and their specific gene signatures (MOTassigner-51) using MOT
samples. B-C. Heatmap with specific gene signature of B. subtype 2.1 and C. subtype 1.1. D.
Proportion of three subtypes in different organ-type tumors.
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