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How do tumor cells differ from normal cells?
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Genotypes in a diploid chromosome
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Genotypes in a diploid chromosome
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Genotypes and copy numbers in a tumor
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Technology:
Copy number and genotyping microarrays
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Only heterozygous SNPs (AB in normal) are
informative for Loss of Heterozygosity (LOH)

Homozygous SNPs only provides total CNs just like CN probes
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Allelic Imbalance =ASNP / Total CN
How much a heterozygous SNP has changed
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All SNPs and CN probes are informative for total copy numbers.




Observed signals in three regions
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Observed signals in three other regions
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Segmentation methods identify regions of
constant copy humbers and allelic imbalances

CBS: Circular Binary Segmentation
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Reality can be much noisier leading to missed
regions and falsely discovered regions
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Signal to
noise ratio

Understanding the technology
Sensible preprocessing

POOR: GREAT:
- low power - large power
- large false positive rate - small false positive rate




Collaborative sharing of anonymous samples
from the same facility greatly improves SNRs

Acute Myeloid Leukemia study: We found 5x more regions using the
3 individuals / microarrays much smaller in-house reference set:
Reference set: (C=2-tumor/pool of ref’s) -m
gain X
270 HapMap (“gold standard”) B o X
13 10.8 gain X
10 26.8 loss X
5 34.4 loss X
4 48.0 gain X
— 14 22.3 gain X X
0=0.24 6 370  loss X
6 37.0 loss X
3 38.2 loss X
3 39.1 loss X
11 21.4 loss X
14 153.1 gain X X
‘- ” 14 153.1  gain X X
11 anonymous(!) “in-house 22 2251  gain X
13 297.9 loss X
8 171.5 loss X
14 411.5 loss X
23 2,697.0 loss X
0=0.12 23 2,697.0  gain poorly X
11 32,485.5 loss X
37,006.6 gain X




Preprocessing methods that
increase the signal-to-noise ratios

CRMA:

A better Affymetrix preprocessing method.

MSCN:

Integrate total CNs from multiple platforms.

TumorBoost:

Improved allelic imbalances of a tumor

given a matched normal.



CRMA

Better total copy numbers
for all Affymetrix chip types

H. Bengtsson, P. Wirapati, T.P. Speed

A single-array preprocessing method for estimating full-resolution raw copy numbers from all
Affymetrix genotyping arrays including GenomeWideSNP 5 & 6.

Bioinformatics, 2009.

H. Bengtsson, R.A. Irizarry, B. Carvalho, T.P. Speed
Estimation and assessment of raw copy numbers at the single locus level. Bioinformatics, 2008.

H. Bengtsson, O. HOssjer
Methodological study of affine transformations of gene expression data with proposed robust non-
parametric multi-dimensional normalization method. BMC Bioinformatics, 2006.

H. Bengtsson, G. Jonsson, J. Vallon-Christersson
Calibration and assessment of channel-specific biases in microarray data with extended dynamical
range. BMC Bioinformatics, 2004.

Software: aroma.affymetrix, aroma.light




Copy-numbers by Robust Microarray Analysis
(CRMA) - a single-array preprocessing method

For each Affymetrix array (i=1,2,3,...,10000) independently:

Calibrating & normalizing | 1. Offset and Allelic crosstalk calibration
for hybridization artifacts | . probe-sequence normalization
Summarization of 1. CN loci have one probe =
technical replicates 2. Robust averaging of

replicated SNPs probes
Normalizing 1. PCR fragment-length normalization
for assay artifacts 2.  GC-content normalization

Total and Allele-specific — +
copy numbers (CA ¢ CB)’ C CA CB




Systematic variation across arrays is due to
scanner offset and allelic cross-hybridization
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1. The scanner’s shifts 2. Cross-hybridization causes
all probe signals (offset) signal to leak between allele
A and allele B

4. Calibration for both
removes a majority of
artifacts between samples

3. Leads to large
variation between
60 normal samples
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Comparing CRMA with other methods
using Receiver Operator Characteristics (ROC)

Data:

(1) Pick a random sample.
(2) Find a clear CN change point.

(3) Two CN states:
 NORMAL.
e DELETION — the one to call.

ROC assessment:

(1) Use a threshold.
(2) Call SNPs below a DELETION.

(3) Count number of
true and false DELETION:S.

(4) Adjust threshold up and down.
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Result: Single-sample CRMA outperforms
existing multi-array methods
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Data set:

e Tumor-normal pairs (HCC1143).

* 68 hybridizations, Affymetrix 6.0

100 102 104 106 Preprocessing:

* CRMA v2 only two arrays.

o Affymetrix CN5 and used all 68 arrays.

0 2 4 6




MSCN

Combining copy numbers
from multiple platforms and labs

H. Bengtsson, A. Ray, P. Spellman and T.P. Speed

A single-sample method for normalizing and combining full-resolution copy numbers
from multiple platforms, labs and analysis methods. Bioinformatics, 2009.

Software: aroma.cn, aroma.tcga




TCGA - The Cancer Genome Atlas project

“Accelerate our understanding
of the molecular basis of cancer”

Multi-center project:
LBL, Broad, Washington University, MSKCC, Harvard,
Stanford, UCSF, MD Anderson, ...

Tumor types:
GBM, ovarian, lung cancer, ...

Large studies:
500 tumor-normal pairs for each tumor type



Four centers/platforms produce copy numbers
How to merge?
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Problem:

Non-linear relationship between platforms

True CN: A. Broad

Affymetrix
X (unknown) GenomeWideSNP_6

Smooth CN for
platform s=1,2,3,4:
y©) = fl)(x) + noise

Smoothed pair (s,t):
(v y®) = (f6)(x), f(x)) + noise

all chromosomes (n=26,640)
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Principal Curves

Multiplatform data in R* (4 platforms):

True CN:
X (an unknown scalar)

f(x)

Principal Curve

Smoothed CNs:
y = (YW, y2), yB) yl@)T

Unknown transformation:
f(x) = (f1)(x), f2)(x), f3)(x), fH(x))T

Noise:
€ = ((c__(l)’ 5(2)’ 5(3)’ 8(4))T

Vector model:
y=f(x)+¢€

Principal Component Line

Hastie et al., Principal Curves, JASA, 1989



Result:
Linear relationship after back-transformation

all chromosomes (n=26,640)
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Apply the back-transformation on probe data

A. Broad
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Result:
Platforms agree on the copy numbers
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Combining standardized copy numbers
- enhanced detection of events

complementary

Combining normalized data: coverage
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Result:
More true regions and fewer false regions

Data: Assessment via ROC:

(1) Pick a random sample. (1) Quantify how well we can call GAIN:s
(2) Find a clear CN change point. from NORMAL:s.

(3) Two CN states: GAIN and NORMAL.
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TumorBoost

Better allele-specific copy numbers
in tumors with matched normals

H. Bengtsson, P. Neuvial, T.P. Speed
TumorBoost: Normalization of allele-specific tumor copy numbers from one single
tumor-normal pair of genotyping microarrays. (to be submitted)

B. Carvalho, H. Bengtsson, T.P. Speed, R.A. Irizarry
Exploration, normalization, and genotype calls of high-density oligonucleotide SNP
array data, Biostatistics, 2006.

Software: aroma.cn, aroma.affymetrix




Observed Allelic Imbalances
via Allele B fractions
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Allele B fractions in a tumor and
matched normal
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Exploratory data analysis:
Tumor-normal Allele B fraction pairs
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A shared SNP effect:
systematic variation




Estimation of the SNP effect
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3. Repeat for all SNPs.



Before and after TumorBoost normalization
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Result:
Better detection of allelic imbalances

Allelic imbalance
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Summary

Problem-driven methodologies:
Biological knowledge (CN events, ...)

Assay and Technology
Computationally challenging
Sustainable methods

Interface of computation, biology and statistics
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Tumor copy numbers and allelic imbalances
are not discrete

1. Genotyping algorithms are not 2. Tumor samples are often

designed for tumors contaminated with cells

* C(Calls only AA, AB, BB: e E.g.65% tumor + 35% normal
— AAB: called as AA or AB contamination shrinks:

e Bad at calling gains, e.g. AABBB — the total CN toward 2 copies

e Poor when data is noisy — the allelic imbalance toward 0

— No concept of segmentation

65% tumor




We use continuous signals to measure tumors
since they are contaminated with cells

100% tumor 65% tumor and 35%
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Power to detect Allelic Imbalances
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Before and after TumorBoost
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Observed Allelic Imbalances
via Allele B fractions
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