




236 TCGA tumors assayed by Agilent microarrays + mRNA-seq and co-clustered using 13,000 genes

mRNA-seq data was “platform” normalized to Agilent data
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Gene Expression (mRNAs) microRNAs

DNA Copy Number DNA Methylation Somatic Mutations

tissue

mut class

Myeloid

TP53-related

PIK3-related

Eclectic

DNA-damage

VHL-related

Gene Expression (mRNAs)
25,000-75,000/sample

microRNAs
1500/sample

DNA Copy Number
1,000,000/sample

DNA Methylation
450,000/sample

Somatic Mutations
25,000/sample

Data Set Integration
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Gene Expression (mRNAs) Proteins

DNA Copy Number DNA Methylation Somatic Mutations

Data Set Integration using Clinical, RNAseq, and DNAseq (exomes)

tissue

mut class

Myeloid

TP53-related

PIK3-related

Eclectic

DNA-damage

VHL-related

Gene Expression (mRNAs)
300-500 Signatures/Modules

Proteins
200/sample

DNA Copy Number
1,000,000/sample

DNA Methylation
450,000/sample

Somatic Mutations
25,000/sample

Clinical Data
6 features/sample





Adenocarcinoma

Squamous Cell

Large Cell

SCLC

Lung Cancer Subtypes

Bronchioid
Magnoid
Squamoid

Primitive
Classical

Secretory
Basal

• Non-small-cell lung carcinoma (NSCLC, 85%)
– adenocarcinoma (LAD, 40%)

• Most cases of adenocarcinoma are 
associated with smoking, 
Adenocarcinoma is the most common 
form of lung cancer for never smokers

– Bronchioid
– Magnoid
– Squamoid

– squamous-cell lung carcinoma (SCC, 30%)
– Primitive
– Classical
– Secretory
– Basal  (worst outcome)

– large-cell lung carcinoma (LC, 9%)
• Small-cell lung carcinoma (SCLC,  10%-15%)

• These cancers grow quickly and spread 
early in the course of the disease. This 
type of lung cancer is strongly associated 
with smoking.

• Other Subtypes
• glandular tumors
• carcinoid tumors
• adenosquamous carcinoma
• sarcomatoid carcinoma
• undifferentiated carcinomas

Lung cancer subtypes

We selected Adenocarcinomas because of its sample size and clinical features predicted outcomes



356 TCGA LUAD patients with OS data and OS time > 20 days



Split data into Training and Testing Sets

Fisher's Test P
Gender Female 122 ( 60.4% ) 80 ( 39.6% ) 0.9134

Male 97 ( 61.4% ) 61 ( 38.6% )
Pathologic_T T1 67 ( 61.5% ) 42 ( 38.5% ) 0.4676

T2 123 ( 60.9% ) 79 ( 39.1% )
T3 21 ( 67.7% ) 10 ( 32.3% )
T4 7 ( 43.8% ) 9 ( 56.3% )

pathologic_N N0 135 ( 60.0% ) 90 ( 40.0% ) 0.5474
N1 45 ( 66.2% ) 23 ( 33.8% )
N2 32 ( 57.1% ) 24 ( 42.9% )

Total 219 ( 60.8% ) 141 ( 39.2% )
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T.test P =0.862
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Split data into Training and Testing Sets



Cluster of 390 Gene Expression Signatures in 356 Lung Adenocarcinoma Patients
(200 signatures from Perou Lab and 190 from other publications, 

see Fan et al., BMC Medical Genomics, 2011 PMID:21214954)



807 DNA 
Copy Number

Altered Regions
(segments)

174 Mutations

390 Gene
Expression
Signatures

356 LUAD Patients, 1371 features (3 data types)

Elastic Net Modeling using Multiple Data Types on TCGA Lung Adenocarcinoma Samples
done by Chris Fan of the Lineberger Bioinformatics Group

Fan and Perou 2017, unpublished data, do not distribute



• We used Overall Survival at 5 years as the 
“Supervising” prognostic endpoint

• COX Proportional Hazards Models built using 5-
fold Cross Validation (CV) on a training data set 
(60% used for training) 

• Predict onto testing data (40% used as test set)
• Report training and testing sets Kaplan-Meier 

survival plot p-values and Harrell's C-Index 
values

COX Model building in TCGA LUAD 
Clinical + RNA + DNA Copy Number + DNA Mutation using Elastic Net

Fan and Perou 2017, unpublished data, do not distribute



• ELASTIC NET is a modeling approach that can be used to perform both feature selection (from multiple data types) and 
parameter estimation.  It is a hybrid of Ridge Regression and Least Absolute Shrinkage and Selection Operator (LASSO) 
Regression. Like the LASSO, ELASTIC NET performs automatic feature selection and shrinkage to produce sparse models 
with high prediction accuracy.

• LASSO sometimes fails to do grouped feature selection, and it tends to select one feature from a group of correlated 
features and ignore the others. ELASTIC NET does not have this limitation, and seems to strike a good balance between 
selecting just one correlated feature versus selecting all correlated features (Hastie, http://www-
stat.stanford.edu/~hastie/TALKS/glmnet.pdf )

COX Model building in TCGA LUAD 
Clinical + RNA + DNA Copy Number + DNA Mutation using Elastic Net

• α = 0 ---> Ridge regression
• α = 1 ---> LASSO
• 0 < α < 1 ---> Elastic Net

http://www-stat.stanford.edu/%7Ehastie/TALKS/glmnet.pdf


mRNA Signatures
only
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DNA Copy Number 
Changes only
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Mutation_FAM75D1 -0.8966703
Mutation_ZAN -0.7062429
Mutation_MUC5B -0.6747349
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DNA Mutations
(Exomes only)
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gender_female_0 -0.27192
age_at_initial_pathologic_diagnosis 0.019087
pathologic_N 0.528502
pathologic_T 0.643398
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age_at_initial_pathologic_diagnosis 0.004586
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UNC_MM_p53null.Basal_MedianFrom.Adam.Pfefferle_PMID.24220145 0.066309
Extensive_Residual_Diesase_ER54_Median_JAMA.2011_PMID.21558518 0.082409
pathologic_N 0.176769

mRNA Signatures
+ DNA Copy Number
+ DNA mutations
+ Clinical Data
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mRNA Signatures
+ DNA Copy Number
+ DNA mutations

Clinical Data Only
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Systems 
Biology
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Big Data Cancer Genomic 
Computational Challenges

1. Identification of patterns/structure in the data 
using unsupervised and supervised learning 
methods are key approaches for Big Data 
Mining. Building formal classifiers based upon 
this structure provides an objective measure 
for assessing the value of the selected features

2. Methods like Elastic Net and LASSO can be 
used to develop predictors of outcomes, or 
response (binary variable), using single 
platform and/or multi-platform integrated data

3. Integration of data across technology platforms 
for biological discovery and assay 
development is becoming increasing important

4. Identification (and correction) of technical 
batch effects, or other systematic features 
present within large data sets, is a must for the 
effective mining of Big Data Resources



Homework

Reading list
Eisen et al., PNAS 1998 (PMID:9843981) 
Perou et al., NATURE 2000 (PMID:10963602) 
Parker et al., JCO 2009 (PMID:19204204)

TCGA Breast Cancer Genomic Data Sites
https://tcga-data.nci.nih.gov/docs/publications/brca_2015/ (all open access TCGA Breast Cancer Data)
https://lbg.unc.edu/~hoadley/BRCA.817.rsemg.uqnorm.counts.txt (all 20,000 gene expression values)
https://lbg.unc.edu/~hoadley/BRCA.817.rsemg.uqnorm.counts.intrinsic.txt (~2000 gene “classification list”)

Take the “classification list” data, and make a hierarchical cluster. 
1) I recommend using “Cluster 3.0” and under “adjust data” select log2 transform and median 

center the genes. 
2) Next select the “hierarchical” tab and select cluster (both genes and arrays), similarity metric 

“centered” and cluster method “centroid linkage”. 
3) The data can then be viewed and explored using “Java Treeview”. Look for and find the 

“proliferation cluster”, which was showed earlier in this presentation

2/20/17 – Chuck Perou (Department of Genetics) – Introduction to Genomics and Big Data, and Cancer 
Subtype Class Discovery using gene expression data
- Katie Hoadley (Department of Genetics) – Introduction to TCGA Data Portal

https://tcga-data.nci.nih.gov/docs/publications/brca_2015/
https://lbg.unc.edu/%7Ehoadley/BRCA.817.rsemg.uqnorm.counts.txt
https://lbg.unc.edu/%7Ehoadley/BRCA.817.rsemg.uqnorm.counts.intrinsic.txt











