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We inherited 23 paternal and 23 maternal chromosomes, mostly identical
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Goal : identify CN changes to improve characterization, classification, and

treatment of cancers
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Data types and what information can be retrieved from them

e microarray (CGH arrays, SNP arrays) :
gains, losses, copy-neutral LOH

@ sequencing (exome, whole genome) :
idem + translocations, mutations

Statistical questions tackled here
@ identifying breakpoints from DNA copy number data
@ performance evaluation in DNA copy number studies

@ quantifying tumor heterogeneity
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@ Joint segmentation methods
@ Model and methods
@ Recursive binary segmentation

0 Performance evaluation of copy-number segmentation methods
@ Generating data with known truth
@ Comparing methods for segmenting SNP array data

© Dissecting tumor heterogeneity from copy number profiles
@ Model and parameter estimation
@ Performance evaluation on synthetic data
@ Very preliminary results on real data
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Joint segmentation methods

@ Joint segmentation methods
@ Model and methods
@ Recursive binary segmentation
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Joint segmentation methods
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Joint segmentation methods
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Breakpoints occur at the same position in both dimensions
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Joint segmentation methods
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Joint segmentation methods

A change-point model e.g. [Picard et al. (2005)]
@ Biological assumption : DNA copy numbers are piecewise constant

e Statistical model for K change points at (t1,...tx) :

Vi=1,...,n G =" +E¢
where VkE{l,...,K-i-l},VjE [tk—latk[ ’)’j:rk

Challenges : K and (t1, ...tx) are unknown
@ Choosing K : a model selection problem

o For a fixed K, number of possible partitions = CX | = O(nK~1)

Orders of magnitude for SNP arrays : n ~ 10* to 10° and K ~ 10 to 100
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Joint segmentation methods

A change-point model e.g. [Picard et al. (2005)]
@ Biological assumption : DNA copy numbers are piecewise constant

e Statistical model for K change points at (t1,...tx) :

Vi=1,...,n G =" +E¢
where VkE{l,...,K+1},VjE [tk—latk[ ’)’j:rk

Challenges : K and (t1, ...tx) are unknown
@ Choosing K : a model selection problem

o For a fixed K, number of possible partitions = CX | = O(nK~1)

Orders of magnitude for SNP arrays : n ~ 10* to 10° and K ~ 10 to 100

Need for algorithms of linear time and space complexity !
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Joint segmentation methods

Method Time # dims
Dynamic programming (DP)
[Rigaill et al.(2010)] nlog(n) 1
[Picard et al. (2005)] d-K-n> any
Fused Lasso
[Harchaoui and Lévy-Leduc(2008)] K-n 1
[Bleakley and Vert (2011)] d-K-n any
Recursive binary segmentation (RBS/CART)
[Gey and Lebarbier (2008)] dnlog(K) any
Circular binary segmentation (CBS)
[Olshen AB et al. (2004)] nlog(n) 1
[Olshen AB et al. (2011)] nlog(n) 2
[Zhang et al.(2010)] d-n’ any
Hidden Markov Models (HMM)
[Lai et al] n? 1
[Chen et al. (2011)] n? 2
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Joint segmentation methods

Strategy proposed by [Gey and Lebarbier (2008)]
© Run a fast but approximate segmentation method

@ Prune the obtained candidate breakpoints using dynamic
programming (slower but exact)

Complexity when first step is Recursive Binary Segmentation
Q O(d - n-log(K))
Q@ O(d-K? K)

Overall : O(d - n - log(K))
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Joint segmentation methods

When d =1
o Test Hp : “No breakpoint” vs H; : “Exactly one breakpoint”

@ The likelihood ratio statistic is given by maxi<i<p |Zj|

(i B Sn_'5i>
1 n—i
=

If d > 1 : the likelihood ratio statistic becomes maxi<j<p ||Z,||%
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Joint segmentation methods
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Joint segmentation methods
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Joint segmentation methods
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Joint segmentation methods
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Joint segmentation methods

o
Complexity : O(d - n - log(K)) =L R —_—
. . 0 500 1000 1500 2000
@ First breakpoint positon
@ For each i : we compute N
Z; - B
_ 1|2 S
by = arg max i<, [|Zill;  §s.
z
e T T T //\I/\\\
0 500 1000 1500 2000
position

P. Neuvial (IMT) Analysis of DNA copy number data



Performance evaluation of copy-number segmentation methods

o Performance evaluation of copy-number segmentation methods
@ Generating data with known truth
@ Comparing methods for segmenting SNP array data
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Performance evaluation of copy-number segmentation methods

Standard approach for developing statistical methods for genomic data :

@ describe a new model/method/learning technique/algorithm
@ show that it performs as expected on simulated data
© describe a “real data application” with limited ground truth

= Can we design more convincing performance assessment
frameworks ?

Contribution
A performance assessment framework tailored to a specific application

@ Pierre-Jean, Rigaill and Neuvial, Brief. in Bioinformatics (2015)

@ Implementation : R packages acnr and jointseg available from
github
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Performance evaluation of copy-number segmentation methods

Questions of interest
@ Are 2d (i. e., joint) methods always better than 1d methods?
@ Is dynamic programming always the best ?

Under Gaussian simulations, the answers are obvious. In practice ?

Contributions
@ An evaluation framework allowing to address the above questions

@ Identification of biological parameters that drive the methods’
performance
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Performance evaluation of copy-number segmentation methods

Limitations of existing approaches
@ simulation models : hard to get biological insight
o dilution series [Staaf et al. (2008)] : few regions

@ automatically annotated data sets [Willenbrock & Fridlyand (2004)] :
depend on a segmentation method

e manually annotated data sets [Hocking et al. (2013)] : SNR cannot
be tuned

02) 01 (1) (12)

Ingredients for the proposed approach

012345

@ breakpoint positions : (tx)k=1.-.k

T T T T T
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@ copy-number state labels : (I'x)x=1..k+1

© signal : resampled from real data .

00 04 08

This requires real data with known “truth” o s om0 2000
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http://www.path.cam.ac.uk/~pawefish/LungCellLineDescriptions/NCI-H1395.html
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Performance evaluation of copy-number segmentation methods Generating data with known truth

Loss of one copy (Chr 6)

o

00 02 04 06 08
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Performance evaluation of copy-number segmentation methods Generating data with known truth
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods eSS N EL =R NG T R4
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods

(a) normal/gain (b) normal/deletion (c) loss/c.-n. LOH
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o difficulty generally increases with normal contamination
@ SNR levels depend on the type of copy number transition

@ neither ¢ or d is always the best statistic
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Performance evaluation of copy-number segmentation methods

Features
@ based on real copy-number data
@ SNR governed by biological parameters

@ allows for synthetic data generation

A resampling-based data generation framework

@ truth (either user-specified or automatically generated)
K breakpoint positions
K + 1 copy-number state labels
@ signal (generated from two public SNP array dilution series)

GSE11976 (lllumina, HCC1395) : 34, 50, 79 and 100% of tumor cells
GSE29172 (Affy., NCI-H1395) : 30, 50, 70 and 100% of tumor cells.
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Performance evaluation of copy-number segmentation methods

Copy number
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Performance evaluation of copy-number segmentation methods

100 profiles, n = 5000, K = 5, purity = 79%, precision = 1
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Performance evaluation of copy-number segmentation methods
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Performance evaluation of copy-number segmentation methods

100 profiles, n = 5000, K = 5, purity = 100%, precision = 1
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Performance evaluation of copy-number segmentation methods

A flexible framework for generating realistic copy-number data

@ based on real copy-number data
@ SNR governed by biological parameters

@ allows for synthetic data generation

Application to joint segmentation of SNP-array data
@ No method is uniformly better

@ Key biological parameters :

% informative values in each dimension
% normal cells in the biological sample
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Dissecting tumor heterogeneity from copy number profiles

© Dissecting tumor heterogeneity from copy number profiles
@ Model and parameter estimation
@ Performance evaluation on synthetic data
@ Very preliminary results on real data
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Dissecting tumor heterogeneity from copy number profiles
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Possible reasons :
@ normal contamination
@ tumor heterogeneity

@ overall ploidy
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Dissecting tumor heterogeneity from copy number profiles

(a) Tumor sample (b) Copy-number profile

— L ~
=0.6x —I_I—LI—
_I_I_I_

+ 0.2x

(A)
()
+ 0.2x ()

P. Neuvial (IMT) Analysis of DNA copy number data



Dissecting tumor heterogeneity from copy number profiles

Sample 1
—T 1l ~
=0.6x% —I_I—Ll— (A)
£ 0.2x _|—|_|— )
+0.2x ®
Sample 2

Natural assumption : the latent features are shared across samples
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Dissecting tumor heterogeneity from copy number profiles

0.6x —H—u— (A)
_’_I_L

Yi=> % i wiZk+E
+ 02X —mm888 — @

o Y; € Rt : copy-number profile of sample i
o Z, € R’ : copy-number profile of the k-th latent profile
@ wj, : weight of latent profile k in sample |

e E; € R’ : reconstruction errors for sample .

Goal
Given (Yi)i<i<n, estimate Z, and wy foralli=1...nand k=1,...p. J

NB : Z, does not depend on the sample index /
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Dissecting tumor heterogeneity from copy number profiles

Y=WZ+E

@ Y is the n x J matrix of copy-number signals for each sample,
@ W is the n x p matrix of weights for each archetype,

@ Z is the p x J matrix of copy-number signals for each archetype,

Parameter estimation
o identifiability issues
@ many approaches from different literatures : NMF, artchetypal
analysis, dictionary learning
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Dissecting tumor heterogeneity from copy number profiles

Constraints :
@ latent profiles Zy are piecewise constant
@ /? constraint on the weights for identifiability

FFLAT

min {||Y—WZ||2+u||Z||1+)\HDZTH}
WEeRP,ZERP 1

st. WW,/ <1 Vi=1,...n, (1)

where D =

-1 1
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Dissecting tumor heterogeneity from copy number profiles

Additional constraints :
@ weights are non-negative

@ location-dependent weights (chromosome boundaries)

e-FFLAT

min {|IY = WZ|? + 2], + A HGDZTH }
WeRP,ZcRJP 1

st. WW/ <1, W;>=0 Vi=1,...n, (2)

where 6 € RE=! encode user-given weights
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Dissecting tumor heterogeneity from copy number profiles

@ remove the Lasso constraint
@ constrain ), wix =1
@ work with two-dimensional copy number signals

@ work on segment-level data (after joint segmentation)

Optimization problem considered

Y, —WZ, |2+ A ”DZTH
WeR"PZmeRJP ZH m” + Am M1

st. IUW; =1, W;=0 Vi=1,...n

(3)
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Dissecting tumor heterogeneity from copy number profiles

This optimization problem is not jointly convex in (W, Z1, Z5)!

Algorithm

@ Initialization : clustering
o fort«+1,... T,

2
2
O WO —argminy_ va _ Wzg—l)H st. LW, =1, W; =0,
=il

WeRP m

Q Z\Y « arg min||Y; - WOZ |2+ X\ |DZ] ||
Z, RSP

Q ZV « arg min||Yo — WO Z, |2 + X,||DZ] |11
Z,ERSP

This can be done using standard optimization tools :
@ Step 1 : linear inverse problem

@ Steps 2 and 3 : lasso problems
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Dissecting tumor heterogeneity from copy number profiles

3 tuning parameters : A1, Ap, p

@ for each p, calibrate A1 and A using a BIC criterion

2 ~
(nS) x log (%) + k(Z) log(nS)

@ use the percentage of variance explained (PVE, aka R?) to estimate p

Yy -wz)?

PVE(p) = 1 i
Y=Y

P. Neuvial (IMT) Analysis of DNA copy number data



Dissecting tumor heterogeneity from copy number profiles

Criteria
@ ability to recover the correct number of latent profiles
@ quality of the reconstruction of weights and latent profiles

@ ability to recover the true copy number alterations

Data

resampling of real, annotated data sets using the acnr and jointseg
packages
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Dissecting tumor heterogeneity from copy number profiles
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Dissecting tumor heterogeneity from copy number profiles

1.00 -

0.75 -

PVE

0.50 -

0.25-

P. Neuvial (IM

T T T T T T T T
8 9 10 11 12 13 14 15
Features

NA copy number data

method

— FLLAT-TCN
INCaSCN-C1C2
INCaSCN-TCN




Dissecting tumor heterogeneity from copy number profiles
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Dissecting tumor heterogeneity from copy number profiles
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Dissecting tumor heterogeneity from copy number profiles
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Dissecting tumor heterogeneity from copy number profiles

Latent Profiles
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Dissecting tumor heterogeneity from copy number profiles

17 patients,
multiple

samples

—2,| each
o)

3 St

135 high-resolution
copy-number profiles
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Dissecting tumor heterogeneity from copy number profiles
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= iissue: surface of ovary
= tissue: ascites
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Value timepoint: laparoscopic biopsy
= timepoint: relapse
om_s5
om_s1
Ascites_R1
om_s4
om_s3
om_s2
om_s6
om_s8
om_s7
. o -
1
T
P. Neuvial (IM alysis of DNA copy number data




Dissecting tumor heterogeneity from copy number profiles
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Appendix

Chip type : Affymetrix GenomeWideSNP_6

All units | CN units SNP units
Frequency | 1,856,069 | 946,705 909,364
Proportion 100% 51% 49%
Unit types
All units AA AB BB
Frequency | 1,856,069 | 326,500 251,446 331,418
Proportion 100% 18% 14% 18%

SNPs by genotype call for sample TCGA-23-1027
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