
Table 1. Statistics for 33 full datasets.
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MOTIVATION
Cancer subtyping is crucial to improve treatment and prognosis.
Multi-omics data integration is important because it allows us to
differentiate among subtypes from a holistic perspective that takes into
consideration phenomena at various levels (proteomics, mutations,
etc.). However, the following challenges need to be overcome:
• Missing data (e.g., a patient has mRNA but not methylation)
• The integration of continuous and categorical variables
• High-dimensionality and large sample sizes

OBJECTIVES
Develop a robust disease subtyping method that is able to (1) handle
missing data, (2) integrate continuous and categorical data, and (3)
cope with big data scale (large sample sizes and high-dimensionality).

DSCC METHOD
(i) Inputs: Multi-omics data of cancer patients, and cancer pathways available on Kyoto Encyclopedia of
Genes and Genomes [1].
(ii) Dimension Reduction: (1) Project data into pathways; (2) Perform factor analysis for continuous data and
multiple correspondence analysis (MCA) for categorical data; and (3) Perform principal component analysis.
(iii) Patient network construction: (1) Build connectivity matrix for each data type using consensus
clustering; and (2) Combine similarity matrices using Kolmogorov–Smirnov test (KS test) and compatibility
metrics.
(iv) Subtyping: Partition the patient network using a community detection algorithm (Louvain [2]).

RESULTS
Data: 33 cancer datasets contain 10 data types with a total of 11,085
samples and clinical data for each patient from Genomic Data
Common Portal (https://portal.gdc.cancer.gov/).
Metric: Cox p-value that measures the significance in survival
difference of the discovered subtypes.
Methods: DSCC, NEMO [3], SNF [4], CIMLR [5], CC [6], and
LRACluster [7] .
Results: DSCC was able to (1) discover novel subtypes with significantly
different survival profiles in most datasets (18 out of 33 datasets), and (2)
has the most significant p-values (highest minus log p-values).

CONCLUSION
Analysis results on 33 cancer datasets
demonstrate that DSCC is able to identify novel
subtypes with significantly different survival
profiles. The approach can integrate both
numerical and categorical data. Another
important property of DSCC is that it is able to
analyze data with missing values, i.e., not all
patients have all data typesmeasured.
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DSCC: DISEASE SUBTYPING USING COMMUNITY 
DETECTION FROM CONSENSUS NETWORK
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Figure 1: Analysis results using 33 cancer datasets.

Figure 2: The DSCC computational framework for multi-omics integration and cancer subtyping.
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