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and

24/28 Samples assayed by gPCR (FFPE) and
Microarray (Fresh Frozen) were grouped together using the PAM50 genes

(Bernard, Perou and Ellis, unpublished)
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3.

4.

Current Gene Expression Technologies

DNA microarrays
- Moderate precision covering ALL genes, fast, and inexpensive
- long oligos (60-70mers/Agilent/Nimblegen) 1 1-2 oligos/gene
- short oligos (~25mers/Affymetrix) i 5-10 oligos/gene
- cDNA arrays (100-1000bp PCR products/Stanford) 1 1-2 cDNA clones/gene

Quantitative RT-PCR
- high precision, large dynamic range, fast, and inexpensive

- smaller number of genes assayed (compatible with Formalin-fixed, Paraffin
Embedded Materials (FFPE), which is the medical standard of care)

Nanostring nCounter
- high precision, large dynamic range, fast, and moderate expense
- single mMRNA molecule counting capabilities (compatible with FFPE)

lllumina-based RNA-sequencing
- Gene expression via Massively Parallel Sequencing (MPS)
- high precision, large dynamic range, not fast, and expensive
- compatible with FFPE



lllumina Sequencing Technology

Reversible Terminator Chemistry Foundation
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slides courtesy of Gary Schroth, lllumina Inc.



Sequencing with the lllumina Hiseq2500
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~300 400 M|II|on Clusters Per Lane (16 Ianes / run)
(2x100bp read = ~1 OOO 000, OOO 0[0]0] bases / run)
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slides courtesy of Gary Schroth, lllumina Inc.






W=

Spot X = Gene X

Determine signal intensity at Spot X
Signal intensity value is relative
measure of gene expression, which
comes right out of the machine
Process is repeated for all spots,
thus giving the complete data file

=

2.

3.

4.

Spot X =??7? (have sequence 50-100bp)
Map all sequences/spots to human
genome, or mRNA transcript library, etc.
for each gene/transcript, count the
number of reads/sequences that
Amappedo to it
determine ARPKMO val
Reads Per Kilobase Per Million mapped
reads, or RSEM value (does isoforms)
Process is performed for all reads, giving
a value of expression for each transcript
Mapping can be done at exon level also



Read Alignment to the Genome

Read
ATGCCATTACACAGCGA

Human Genome Reference

RN
€ CGATCTAACGTAGCTAGCTAGCTAGCTAGCATGCCATTACACAGCGH

GTAGCTAGCTAGCTAGC
CTAGCTAGCTAGCTAGC ACAGGGAGCT AGGCGC

CGATCTAACGTAGCTAGC ATTACACAGCGAACAGG

GAACAGGGAGCTAAGG

ACAGGGAGCTAAGGCGC

For mMRNA this would give us N9 counts
For DNA we have now obtained the sequence of this region and found a SNP



Genome Sequencing Overview

Genomic DNA

Introns Exons

§i s Y\

i B B BN e

1 Fragmentation (100-300 bp),  Sequence all
denaturation fragments’
align to reference
i genome and
U U = L] N m s O determine gene
5’]. . Oy g @ sequences

= Whole Genome
Sequencing (WGS)



Genome Sequencing Overview

Genomic DNA

Introns Exons

i heg v
Il

Fragmentation (100-300 bp),

denaturation

Binding to exon-specific,
matrix-bound oligos

Sequence all
captured

Elution, fragments, _align,

sequencing, ‘ and determine

bioinformatics gene sequences
= Exome
Sequencing (~2%
of total genomic
DNA)



UNC RNA-Seq Bioinformatics Pipeline

> SRF >| FASTQ

UCSC Transcripts

UNC Transcripts A TE

Human Genome MapSplice

other databases STAR
BWA

BAM

I

COUNTS Joel Parker
(exons, SPLICING (novel
transcript transcripts &
level) splice junctions) MUTATIONS FUSIONS
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http://www.ncbi.nim.nth.gov/gap

& NCBI Resources (¥) HowTo [¥)

My MCBI Sign In

dbGaP Search: dbGaP - Limits Advanced search Help

GEHDWDES and S h Cl
Phenotypes =ar

dbGaP

The database of Genotypes and Phenotypes (dbGaP) was developed to archive and distribute
the results of studies that have investigated the interaction of genotype and phenotype.

Getting Started Access dbGaP Data Important Links
dbGaP Tutorial Apply for Controlled Access Data dbGaP RSS Feed £
Overview Public Data via fip Download Code of Conduct

EAQ Browse Top Level Studies Security Procedures
How to Submit Contact Us

Challenges and issues concerning sequencing data

these data are genetically identifiable, therefore proper patient consent is a must

to put data in, and to take data out, requires proper scientific credentials

these genetic data c anfdparty lared limitationssoin ase maydkexidt o
sequencing data sets are huge in size, and thus transporting from one place to
another, and long term data storage, are challenges




Benefits of sequencing-based platforms

1. Highly reproducible, great sensitivity, and a large
dynamic range

2. no prior knowledge of sequence is needed
3. provides information on alternative splicing

4. provides information on mutations and other types of
structural variants (i.e. gene fusions)

5. can identify foreign RNAs or DNAs (viruses or
bacteria) depending upon the library protocol



lllumina Hiseqg vs. lllumina GA2

Correlation of Log2(RPKM)
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Agilent 244K microarray versus mRNA-seq

(Log?2 ratio created for mRNA-seqg using Common Reference)
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236 TCGA tumors assayed by Agilent microarrays + mRNA-seq and co-clustered using 13,000 genes

|2/ Java TreeView : C\Users\ch\Documents\TCGA Clusters 2\TCGA-236-pairs-using-scaling-factors-for-every-gene.cdt
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ABSTRACT

Motivation: Systematic differences due to 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 systemalic 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 preblems 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: mamen@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 in
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-
1cal properties like the propensity to relapse (van't Veer et al..
2002) or the survival outlook for a patient (Serlie er al., 2001).

#To whom pond should be

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

However. a challenge of climcal 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/fumors 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 microarrays is dir-
ectly compared with a second set of mucroarrays. 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 m expression in one
set versus the other. These biases can typically be identified

Steve Marron
DWD (PMID: 14693816)

Gene expression
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ABSTRACT

Motivation: Gene-expression microarrays are currently 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 phenctype. 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
gene/sample 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
methods. The proposed normalization method is applied to three
existing breast cancer datasets, and is compared to several compet-
ing normalization methods using the proposed validation measures.
Availability: The supplementary materials and XPN Matlab code are
publicly available at website: hitps://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
stat 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 cross-study analysis,
the data, relevant test ics or concl ns of several studies
are combined. The simultaneous analysis of different studies of

*To whom correspondence should be addressed.
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Data Set Integration
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