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Background

Sparse Labels

Data sources

• Supervised multiple kernel learning has been implemented in Gevaert et al. to classify
rectal cancer microarray data. The resulting Support Vector Machine accurately classified
different outcomes, often reaching above 0.90. The model also performed better when
using more than one genome-widedata set, suggesting that integrating multiple
genome-wide data sources allows models to reach higher accuracy.

• We take advantage of various labels, although sparse, to constrain our data and aid in the clustering
process. We incorporate the clinical data mentioned above into our cost function to have the resultant
combination of kernels reflect this added restriction. An additional constraint we impose uses our
knowledge of non-cancer patients in TCGA. Our algorithm should not cluster cancer and non-cancer
patients into the same group and thus we can incorporate this knowledge into our choice of kernels.

• TCGA
The Cancer Genome Atlas is the world's largest collection of multi-omic cancer data, collection from
US patients by hospitals around the world.

• The iCluster algorithm developed by Shen et al. was used to accurately group cancer
outcomes based on multi-omic considerations found in TCGA data on breast cancer. The
algorithm clusters different cancer subtypes using multiple genomic features such as
DNA copy number changes and gene expression. iCluster does not however implement
any kernel methods.

Optimization Problem
• Cluster-label alignment metric

• Doctors have independently identified cancer subtypes in patients through
measuring the progression of their cancers. However, these subtype classifications are
slow to perform and can only be made after the cancer has already progressed a fair
amount, thereby not proving effective in determining the best method of treatment.

• Clinical Data
TCGA contains sparse clinical data including eventual patient outcomes, optimal treatment plans,
and clinicial established subtypes.
• Multi-omic Data
Multi-omic data available in TCGA includes:
• Copy Number Variation
• Methylation Data
• miRNA
• mRNA
• RPPA
• Patient Class Data
Each patient is tagged with patient information, specifically which hospital they were treated at
and whether or not they had cancer. This can be used as another source of sparsely labeled data
in the clustering process above.

Objective

iCluster

• Extend existing unsupervised multiple kernel learning technique in Zhuang et al. to
leverage sparse labeling for specific use with clinical and multi-omic data from TCGA.

The iCluster paper by Shen et al. is a source of reproducible and standard automated subtype
analyses. These can be used both as validation and as seed labels for our algorithm. In the first case
it can be used to demonstrate demonstrate robustness of this algorithm while in the second case it
can be used to jump start the process of discovering subtypes.

• Characterize genomic and multi-omic features of known cancer subtypes and identify
previously unknown subtypes.

Problem Formulation
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Figure 1. Results from seperate clustering (left) and integrative clustering (right)

