





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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ABSTRACT

Metivation: Sysiematic differences due fo experimental
features of microarray experiments are present in most large
microarray data sets. Many different experimental features can
cause biases including different sources of RNA, different pro-
duction lots of microarrays or different microarray platforms.
These systematic effects present a substantial hurdle to the
analysis of microarray data.

Results: We present here a new method for the identification
and adjustment of systematic biases that are present within
microarray data sets. Our approach is based on modern
statistical discrimination methods and is shown to be very
effective in removing systematic biases present in a previously
published breast tumor cDNA microarray data set. The new
method of ‘Distance Weighted Discrimination (DWD)' is shown
to be better than Support Vector Machines and Singular Value
Decomposition for the adjustment of systematic microarray
effects. In addition, it is shown to be of general use as a tool for
the discrimination of systematic problems present in microar-
ray data sets, including the merging of two breast tumor data
sets completed on different microarray platforms.
Availability: Matlab software to perform DWD can be retrieved
from hitps://genome.unc.edu/pubsup/dwd/

Contact: marron@email.unc.edu; cperou@med.unc.edu
Supplementary information: The complete figures that rep-
resent the cluster diagrams in Figure 6 and other figures are
available at https://genome unc_edu/pubsup/dwd/

1 INTRODUCTION

DNA microarrays are a powerful tool for the study of com-
plex systems and are being applied to many questions imn
the biological sciences. In particular, the study of human
tumors using patterns of gene expression have identified
many expression differences that can predict important clin-
ical properties like the propensity to relapse (van't Veer et al .
2002) or the survival outlook for a patient (Serlie ef al., 2001).

e should be

#*To whomn correspond

Bioinformafics 20(1) @ Oxford University Press 2004; all rights reserved.

However. a challenge of clinical sample studies 1s that sys-
tematic biases due to different handling procedures are often
present. Microarray experiments are often performed over
many months because sample collection is prospective, with
most samples being assayed soon after they are collected.
Additionally, samples/tumors are collected and processed
at different institutions and may be assayed using different
microarray print batches or platforms or using different array
hybridization protocols.

These systematic biases are manifested as differences in
gene expression patterns when one set of mucroarrays 1s dir-
ectly compared with a second set of microarrays. When
using ‘supervised’ statistical analyses, systematic biases show
themselves as a subset of genes that tend to be more highly
expressed in one set of microarrays versus another, and a con-
comitant subset of genes that are lower in expression in one
set versus the other. These biases can typically be identified
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ABSTRACT
Motivation: Gene-expression microarrays are curently being applied
in a variety of biomedical applications. This article considers the prob-
lem of how to merge datasets arising from different gene-expression
studies of a common organism and phenotype. Of particular interest
is how to merge data from different technological platforms.
Results: The article makes two contributions to the problem. The first
is asimple cross-study normalization method, which is based on linked
genefsample clustering of the given datasets. The second is the
introduction and description of several general validation measures
that can be used to assess and compare cross-study normalization
hods. The proposed nor method is applied to three
existing breast cancer datasets, and is compared to several compet-
ing nomalization methods using the proposed validation measures.
Availability: The supplementary materials and XPN Matlab code are
publicly available at website: https://genome.unc.edu/xpn
‘Contact: shabalin@email.unc.edu
Supplementary information: Supplementary data are available at
Bioinformatics online.

1 INTRODUCTION
High-throughput gene-expression microarrays are currently
being applied in a wide variety of biomedical problems. There
are now several widely used, commercially available, micro-
array platforms that measure gene expression in related, but
different, ways. No matter which technology is used, the
evaluation of gene-expression experiments usually begins with
statistical analyses that take a variety of forms, including
exploratory analysis (such as clustering), classification and
assessments of differential expression
The increasing number and availability of large-scale gene-
expression studies of human and other organisms provides
strong motivation for cross-study analyses that combine
existing and/or new datasets. In a ss-study  analysis,
the data, relevant test cs or concl ns of several studies
are combined. The simultaneous analysis of different studies of
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Data Set Integration
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All Patients (n=550)
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Data Set Integration using Clinical, RNAseq, and DNAseq (exomes)

Gene Expression (mRNAS)
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Estimated new cases*

Males Females

Prostate 238,590 28% Breast 232,340 29%

Lung & bronchus 118,080 14% Lung & bronchus 110,110 14%
Colorectum 73,680 9% Colorectum 69,140 9%

Urinary bladder 54,610 6% Uterine corpus 49,560 6%
Melanoma of the skin 45,060 5% Thyroid 45,310 6%
Kidney & renal pelvis 40,430 5% Mon-Hodgkin lymphoma 32,140 4%
Mon-Hodgkin lymphoma 37,600 4% Melanoma of the skin 31,630 4%

Oral cavity & pharynx 29,620 3% Kidney & renal pelvis 24,720 3%
Leukemia 27,880 3% Pancreas 22 480 3%

Pancreas 22,740 3% Ovary 22,240 3%

All Sites 854,790 100% All Sites 805,500 100%

Estimated deaths

Males Females

Lung & bronchus 87,260 28% Lung & bronchus 72,220 26%

Prostate 28,720 10% Breast 39,620 14%

Colorectum 26,300 9% Colorectum 24,530 9%

Pancreas 19,480 6% Pancreas 18,980 7%

Liver & intrahepatic bile duct 14,890 5% Ovary 14,030 5%
Leukemia 13,660 4% Leukemia 10,060 4%

Esophagus 12,220 4% Non-Hodgkin lymphoma 8,430 3%

Urinary bladder 10,820 4% Uterine corpus 8,190 3%

Non-Hodgkin's lymphoma 10,580 3% Liver & intrahepatic bile duct 6,780 2%
Kidney & renal pelvis 8,780 3% Brain & other nervous system 6,150 2%
All Sites 306,920 100% All Sites 271,430 100%




Lung cancer subtypes

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 itypes
— Squamoid
—  squamous-cell lung carcinoma (SCC, 30%)
—  Primitive Bronchioid
_  Classical Adenocarcinoma<|\/|agn0id_
Squamoid
— 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
e glandular tumors Primitive
e carcinoid tumors Classical \ SCLC
» adenosquamous carcinoma Secretory 7
« sarcomatoid carcinoma Basal

« undifferentiated carcinomas

Large Cell

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




The Cancer Genome Atlas @ Understanding genomics

Data Portal ' to improve cancer care

Available Cancer Types # Cases Shipped # Cases Date Last Updated
by BCR™ with Data’ (mmiddiyy)
Lung adenocarcinoma [LUAD] 521 521 01/30M15
Lung squamous cell carcinoma [LUSC) 510 A04 01/26M15
Breast invasive carcinoma [BRCA] 1100 1098 01/28M15

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

RPPA_Protein

GeneExp_Module



Split data into Training and Testing Sets

Train Test 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 NO 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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November 8, 2013

Version 2.6

Deate 2013-11-07

A Fast Algorithm for Balanced Sampling
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! Laboratoire de Statistique d’Enquéte, CREST - ENSAL, rue
Blaise Pascal, Campus de Ker Lann, 35170 Bruz, France.
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Split data into Training and Testing Sets

pathologic_T

o
B
=
[s5]
o
2
(SP=2
©
=
>
S
D o
T
@
>
o
<
o |
N
o |
1 15/109
—— 261/202
o| — 3931
== 49/16 log tank p = 0.00116
I I I I I T
0 10 20 30 40 50 60
Months
pathologic_N
<
—

Overall Survival (Probability)

<

o

N

o
0 39/225

— 131/68

o| — 222556

- log rank p = 3.4e-05
T T T T I T

0] 10 20 30 40 50 60

Months

Train
o
—~ i |mus
=
i<
]
o
2 o
Sp=1 'fr
<
=
>
S
9D o
T
@
>
o
<
A —H—l
—
N
o
19/67
—— 238/123
ol — 3721
== 43/7 log rank p = 0.0115
I I I I I I
0 10 20 30 40 50 60
Months
Train
S
— i
>
=
]
o
©
&S]
©
=
<
>
9D o
T
)
>
(@]
<
=1
N
=1
0 23/135
—— 120/45
o| — 212/32
< log rank p = 0.00131
T T T T T T
0] 10 20 30 40 50 60

Months

Overall Survival (Probability)

Overall Survival (Probability)

Test

<

i

[ce)

o

«©

(=1

<

o

N

o
16/42

— 223/79

ol — 3210

= 4 6/9 lod rank p = 0.0165
I I I I I I

0 10 20 30 40 50 60
Months
Test

<

i

]

o

©

(=1

<

< | t

N

SR 4+
0 16/90

— 111/23

o| — 210/24

< log rank p = 0.00187
T T T T T T

0 10 20 30 40 50 60

Months



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)




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

356 LUAD Patients, 1371 features (3 data types)

390 Gene
Expression
Signatures

174 Mutations
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COX Model building in TCGA LUAD

Clinical + RNA + DNA Copy Number + DNA Mutation using Elastic Net

 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)

e Report training and testing sets Kaplan-Meier

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

Fan and Perou 2017, unpublished data, do not distribute



COX Model building in TCGA LUAD

Clinical + RNA + DNA Copy Number + DNA Mutation using Elastic Net

Lasso Elastic Net (0.4) Ridge

Package ‘glmnet’

August 29, 2013

Type Package
Title Lasso and elastic-net regularized generalized linear models
Version 1.9-5
Date 2013-8-1

Author Jerome Friedman, Trevor Hastie, Rob Tibshirani

:
Pa=D)_ {511 — a)b? + ol

i=il

*a =0 ---> Ridge regression
*a=1-->LASSO
*0<a<1-->Elastic Net

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 )



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

MRNA Signatures

only

Train

1.0

Overall Survival (Probability)
I0.4 I0.6 IO
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C-index = 0.729

P = 7.25e-07
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Overall Survival (Probability)

UNC MPYMT NEU Cluster Median BMC.Med.Genomics.2011 PMID.21214954

-0.151608

UNC MM Greenl2 Median BMC.Med.Genomics.2011 PMID.21214954 -0.0436784
UNC MUnknown 20 Median BMC.Med.Genomics.2011 PMID.21214954 -0.0359065
UNC IGG Cluster Median BMC.Med.Genomics.2011 PMID.21214954 -0.0186588
UNC MM Red17 Median BMC.Med.Genomics.2011 PMID.21214954 -0.0165798
UNC VEGF 13genes Median BMC.Med.2009 PMID.19291283 0.0130258
UNC_HS Greenl9 Median_BMC.Med.Genomics.2011 PMID.21214954 0.0253536
UNC 13914 Amplicon Median BMC.Med.Genomics.2011 PMID.21214954 0.0391103
UNC_Scorr_Basal_Caorrelation_JCO0.2009 PMID.19204204 0.0514695
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Extensive Residual Diesase ER54 Median JAMA.2011 PMID.21558518 0.1121707
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DNA Copy Number
Changes only
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DNA Mutations
(Exomes only)
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MRNA Signatures

+ DNA Copy Number
+ DNA mutations
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Clinical Data

only
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UNC_MPYMT NEU Cluster Median BMC.Med.Genomics.2011 PMID.21214954 |-0.11342
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y NC IGG Cluster Median BMC.Med.Genomics.2011 PMID.21214954 -0.0027
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Big Data Cancer Genomic
Computational Challenges

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

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

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

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

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

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://Ibg.unc.edu/~hoadley/BRCA.817.rsemg.ugnorm.counts.txt (all 20,000 gene expression values)
https://Ibg.unc.edu/~hoadley/BRCA.817.rsemg.ugnorm.counts.intrinsic.txt (~2000 gene “classification list”)

Take the “classification list” data, and make a hierarchical cluster.

1) Irecommend 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


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
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Homework

2120117 - Chuck Perou (Department of Genetics) — Introduction to Genomics nd Big Data. and Cancer
Subtype Class Discovery using gene expression data

- Katie Hoadley (Department of Genetics) — Introduction to TCGA Data Portal

Reading list

Eisen et al., PNAS 1992 (PMID:9842981)
Perou et al.,, NATURE 2000 (PMID:10962€02)
Parker et al., JCO 2009 (PMID:15204204)

TCGA Braast Cancer Genomic Data Sites
2:i/lga-zta.nol.nin govidocsipublications/brsa 2015/ (all Open 3c0ees TCGA Breast Cancer Data)
-1/l unG edul~hoadisy/BRCA §17 rasmy ugnomm counts fxt (sl 20,000 gens axprassicn valuss)

hitpa:iba.unc edul~hoadisy/ERCA §17.raemn.ugnorm.counts Intrinele txt (~2000 gene “classification Nat”)

Take the "classification list” data, and make 2 hierarchical cluster.

1) I racommend using "Cluster 3.07 and under "adjust data” select log2 transform and median
center the genes.

2) Mext 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

Drawing

Gene Cluster 3.0

File Help

File loaded ChllsersicperouiDocumentsiBO2K Class
201 ABRCASB1 7 rsermg.ugnarm.counts. intrinsic. td

Data sethas

Job name BRCA.G17 rsemg.ugnorm.counts.intrinsic-CLUST

Filter Data. Adjust Data | Hierarchical k—MeanslSOMs |PCA |

FRows

Columns

—Adjust Data

[+ Log transform data

[¥ Center genes
" hean
@ Median

[ Mormalize genes

Crier of Operations

Log Transform
Center Genes
MNormalize Genes
Center Arrays
MNorrmalize Arrays

[ Center arrays
& Mean
¢ Median

[ Mormalize arrays

Apply |

Done loading data

Editing
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Homework

7 - Chuck Perou (Department of Genefics) — Introduction to Genomics and Big Data, and Cancer
Subitype Class Discovery using gene expression data
- Katie Hoadley (Department of Genetics) - Introduction o TCGA Data Portal

Reading list

Eisen etal., PNAS 1992 (PMID:9842981)
Perou et al,, NATURE 2000 (PMID:109€2602)
Parker et al_, JCO 2009 (PMID-15204204)

TCGA Braast Cancer Genomig Data Sttes

X Gocsipublicationaibrca 2015 (all open access TCEA Greast Cancer Data)
IbUnc.eu-hoadisyBRCA B17 raempy uanorm counte tet [all 20,000 gena axprassion valuse)
‘nittpe:iilbg une.edu~hoadisy/BRCA 17 reemp, ugnarm counts Intrinsic. tt [~2000 gene classification hat)

Take the "classification list” data, and make a hierarchical cluster.

1] I recommend using "Cluster 3.07 and under "adjust data™ select log2 transform and median
center the genes.

2] Mext select the “hierarchical™ tab and select cluster [both genes and arrays). similarity metric
"gentered” and eluster mathad "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

B Gene Cluster 3.0

File Help

File loaded

Jaoh name

Data gethas

05

CAUsershcperouiDocuments\BO2ZK Class
201 BRCA 817 rsemg.ugnorm.counts.intrinsic.bd

1679
a7

Filter Data | Adjust Data.  Hierarchical |kaeans| SOMs |PCA I

17.reemg.ugnorm.counts.intringic-CLUST

—Genes
[ Cluster

Calculate
r weights

Similarity Metric

ICDrreIat\Dn (centered)

Fiows

Colurnns

— ATy

[v Cluster

Calculate
- weights

Similarity Metric

—Clustering method

Centroid linkage

Single linkage

Complete linkage Average linkage

06

Done adjusting data.
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