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OncoSNP Illlumina, MIP, Affy 10K,
stromal contamination, and other
models



OncoSNP was designed for lllumina data

“However, the methods described are not intrinsically tied to
the lllumina platform and we are actively working to transfer
these techniques for use with the Affmetrix platform.”

- From “A statistical method for detecting genomic aberrations
in heterogeneous tumour samples from single nucleotide
polymorphism genotyping data”, Yau et al. (2010)
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Affymetrix 250K/SNP5 - Comparing distribution of B allele frequency between lllumina, MIP and Affymetrix
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lllumina 600K “Duo” - Comparing distribution of B allele freq between Illumina, MIP and Affymetrix
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OncoSNP on Affymetrix 10K data — does not work

SamplelD TumourFile NormalFile OncoSNP Output
HCC1187to0ncoSNP HCC 1187to0OncoSNP.xls HCC 1187 BLtoOncoSNP.xls
HCC1395febtoOncoSNP HCC 1395 febtoOncoSNP.xls | HCC 1395 BL febtoOncoSNP.xls X
HCC1008to0OncoSNP HCC1008toOncoSMP.xls HCC1007 BLtoOncoSNP.xls X
HCC1143to0OncoSNP HCC1143to0ncoSMP.xls HCC1143 BLtoOncoSNP.xls
HCC1143MEto0ncoSNP HCC1143Mbto0ncoSNP.xls HCC1143 BLtoOncoSNP.xls X
HCC1143M7to0ncoSNP HCC1143M7to0ncoSNP.xls HCC1143 BLtoOncoSNP.xls
HCC1143MEtoOncoSNP HCC1143MEto0ncoSNP.xls HCC1143 BLtoOncoSNP.xls
HCC1143M3toOncoSNP HCC1143M3to0OncoSNP.xls HCC1143 BLtoOncoSNP.xls X
HCC1395junetoOncaSNP | HCC1395 junetoOncoSNP.xls | HCC1395BL junetoOncoSNP.xls
HCC1599to0ncoSNP HCC1599to0ncoSMP.xls HCC1593 BLtoOncoSNP.xls X
HCC1937to0ncoSNP HCC1337to0ncoSNP.xls HCC1937 BLtoOncoSNP.xls
HCC2218to0ncoSNP HCC2218to0ncoSMP.xls HCC2218 BLtoOncoSNP.xls
HCC38marchtoOncoSNP HCC38 marchtoOncoSNP.xls | HCC38 BL marchtoOncoSNP.xls X
HCC38maytoOncoSNP HCC38 maytoOncoSNP.xls HCC38 BL maytoOncoSNP.xls
HCC38MBtoOncoSNP HCC38MBto0OncoSNP.xls HCC38 BL maytoOncoSNP.xls
HCC38M7toOncoSNP HCC38M7toOncoSMP.xls HCC38 BL maytoOncoSNP.xls X
HCC38MBtoOncosSNP HCC38MB8to0ncoSNP.xls HCC38 BL maytoOncoSNP.xls X
HCC38MStoOncoSNP HCC38MStoOncoSNP.xls HCC38 BL maytoOncoSNP.xls X
1037 2TtoOncoSNP 10372TtoOncoSNP.xls 24143Nto0OncoSNP.xls
18252TtoOncaSNP 18252Tto0ncoSNP.xls 60596Nto0ncoSNP.xls X
57588TtoOncoSNP 57588Tto0OncoSNP.xls 73315Nto0OncoSNP.xls

83437 TtoOncoSMP 83437TtoOncoSMP.xls 73315Nto0OncoSNP.xls
H128toOncoSNP H128toOncoSNP.xls HCC1937 BLtoOncoSNP.xls
H1355to0ncoSNP H1395to0ncoSNP.xls HCC1937 BLtoOncoSNP.xls
H1648to0OncoSNP H1B648to0OncoSNP.xls HCC1937 BLtoOncoSNP.xls
H2107to0ncoSNP H2107to0ncoSNP.xls HCC1937 BLtoOncoSNP.xls
H2141toOncoSNP H2141toOncoSNP.xls HCC1937 BLtoOncoSNP.xls
H2171to0OncoSNP H2171to0ncoSNP.xls HCC1937 BLtoOncoSNP.xls X
H2R%00ncoSNP HIRStn0ncnSNP xls HCC1937 Rl to0nenSNP xls X
BT474to0OncoSNP BT474to0ncoSNP.xls HCC1937 BLtoOncoSNP.xls X
MCF7toOncoSNP MCF7toOncoSNP.xls HCC1937 BLtoOncoSNP.xls X
NAD1201BtoOncoSNP NAD1201BtoCncoSNP.xls HCC1937 BLtoOncoSNP.xls X
NAD1416to0OncoSNP NAD1416t00ncoSNP.xls HCC1937 BLtoOncoSNP.xls
NAD1723to0ncoSMP NAD1723t00ncoSNP.xls HCC1937 BLtoOncoSNP.xls
NAD3226to0ncoSNP NAD3226t00ncoSNP.xls HCC1937 BLtoOncoSNP.xls X
NAO4B26to0ncoSNP NAD4626t00ncoSNP.xls HCC1937 BLtoOncoSNP.xls
NAOG0G61toOncoSNP NADG061to0ncoSNP.xls HCC1937 BLtoOncoSNP.xls X
UACC212to0OncoSNP UACCB12to0OncoSNP.xls HCC1937 BLtoOncoSNP.xls

Total: 17/38

SamplelD TumourFile NormalFile OncoSNP Output
T115toOncoSNP T115to0ncoSNP.xls B115toOncoSNP.xls
T1l6toOncoSNP T116t00ncoSNP.xls BllgtoOncoSNP.xls X
T117toOncoSNP T117to0ncoSNP.xls B117toOncoSNP.xls X
T118toOncoSNP T118to0OncoSNP.xls B118toOncoSNP.xls
T115toOncoSNP T119to0ncoSNP.xls B115toOncoSNP.xls X
T123toOncoSNP T123to0OncoSNP.xls B123toOncoSNP.xls X
T125toOncoSNP T125t00ncoSNP.xls B118toOncoSNP.xls X
T127to0OncoSNP T127to0ncoSNP.xls B118toOncoSNP.xls X
T125toOncoSNP T129to0ncoSNP.xls B1259toOncoSNP.xls
T130toOncoSNP T130toOncoSNP.xls B130toOncoSNP.xls
T133toOncoSNP T133t00OncoSNP.xls B133toOncoSNP.xls
T134toOncoSNP T134t00ncoSNP.xls B134toOncoSNP.xls X
T137toOncoSNP T137to0ncoSNP.xls B137toOncoSNP.xls
T140toOncoSNP T140to0OncoSNP.xls B140toOncoSNP.xls X
T141toOncoSNP T141to0OncoSNP.xls B141toOncoSNP.xls X
T143toOncoSNP T143to0OncoSNP.xls B143toOncoSNP.xls
T144toOncoSNP T144t00ncoSNP.xls Bl44toOncoSNP.xls
T145toOncoSNP T145t00ncoSNP.xls B145toOncoSNP.xls X
T145to0OncoSNP T146t00ncoSNP.xls Bl46toOncoSNP.xls X
T147toOncoSNP T147to0ncoSNP.xls B118toOncoSNP.xls X
T145toOncoSNP T149to0ncoSNP.xls B145toOncoSNP.xls
T151toOncoSNP T151to0OncoSNP.xls B151toOncoSMP.xls X
T152toOncoSNP T152t00ncoSNP.xls B118toOncoSNP.xls X
T161toOncoSNP T161to0ncoSNP.xls B161toOncoSNP.xls
T1l62toOncoSNP T162t00ncoSNP.xls B118toOncoSNP.xls X
T173toOncoSNP T173to0ncoSNP.xls B118toOncoSNP.xls X
T175F3toOncoSNP T175F3to0OncoSNP.xls B175to0OncoSNP.xls
T178to0OncoSNP T178t00ncoSNP.xls B1l18toOncoSNP.xls X
T183toOncoSNP T183to0ncoSNP.xls B183toOncoSNP.xls X
T21toOncoSNP T21toOncoSNP.xls B21toOncoSNP.xls X
T27to0ncoSNP T27to0ncoSNP.xls B118toOncoSNP.xls X
T30toOncoSNP T30toOncaSNP.xls B30toOncoSNP.xls
T37toOncoSNP T37to0ncoSNP.xls B37toOncoSNP.xls
T38to0OncoSNP T38to0OncoSNP.xls B38to0OncoSNP.xls X
T41toOncoSNP T41toOncoSNP.xls B41toOncoSNP.xls X
T44to0ncoSNP T44to0ncoSNP.xls B44toOncoSNP.xls
T45to0ncoSNP T45to0ncoSNP.xls B45toOncoSNP.xls X
T46to0ncoSNP T46to0ncoSNP.xls B118toOncoSNP.xls X
T4toOncoSNP T4toOncoSNP.xls B4toOncoSNP.xls X
T50toOncoSNP T50toOncoSNP.xls B50toOncoSNP.xls X
T56to0OncoSNP T56to0ncoSNP.xls B56to0OncoSNP.xls X
T636to0ncoSNP T636t00ncoSNP.xls B118toOncoSNP.xls X
T72toOncoSNP T72to0ncoSNP.xls B118toOncoSNP.xls
T73toOncoSNP T73toOncoSNP.xls B73toOncoSNP.xls X
T74to0OncoSNP T74to0ncoSNP.xls B118toOncoSNP.xls
T80toOncoSNP T80toOncoSNP.xls B80toOncoSNP.xls X
T81toOncoSNP T81toOncoSNP.xls B81toOncoSNP.xls
T84toOncoSNP T84to0OncoSNP.xls B24toOncoSNP.xls X
T911toOncoSNP T911toOncoSNP.xls B911toOncoSNP.xls
T92toOncoSNP T92to0ncoSNP.xls B92toOncoSNP.xls X

Total: 32/50




OncoSNP on MIP 46K — comparable to dChip; OncoSNP breaks
down with high contamination -- not built for this platform

1 |Tumor OncoSNP-dChip LOH correlation runl | Previously removed b/c contamination  run2

21T 0.9120419 0.912041
3 (3T 0.8915712 0.891571
4 4T 0.2428070 0.242806
5 (5T 0.8671010 0.867101
b |6BNP_FFPE MNA MNA

7 |6T 0.9408540 0.940854
8 |JNP_FFPE MNA MNA

9 (7T 0.9598840 0.959884
10 [BNP_FFPE HNA NA

11 (8T 0.8952590 0.895259
12 |9T_FFPE 0.8602720 0.800272
13 (10T 0.21824511X 0.218245
14 (10UE 0.0388197 0.002697
15 |117 0.0921312 0.092131
16 [11UE NA NA

17 (12T 0.3689727 0.368972
18 |13T_FFPE 0.9344420 0.934442
19 (14T 0.8865220 0.886522
20 |15T -0.0060460 X -0.0060460
21 (15UE 0.0541220 0.04157
22 |16T 0.5476580 0.547658
23 (17T -0.0132228: X -0.013222
24 |18T_FFPE -0.0579694 1 X -0.057969
25 (20T 0.0857630: X 0.085763
26 | 21T 0.0759889 0.075988
27 |122T 0.7834360 0.783430
28 (23T 0.8975019 0.897501
29 | 24T 0.2471804 0.24718
30 (25T -0.0022492 -0.002249
31 | 26T 0.21126594 0.211369
32 |27T 0.54969594 0.549699
33 | 28T -0.0579091 X -0.057909
34 |28UE MNA MNA

35 |29T 0.6917749 0.691774




How MCP is calculated in dChip

Major copy proportion (MCP) of a SNP is defined as C_2/(C_1+ C_2) where C_1
and C_2 are the parental copy numbers at this SNP in a sample and C_1<=C_2.
Total copy number is definedas C_1 + C_2.

MCP is 0.5 for normal loci or balanced copy number alterations, 1 for LOH, and
an intermediate value between 0.5 and 1 for allelic imbalanced copy number
alterations.

MCP values to be inferred using the HMM are in the range 0.5 to 1 and have 11
states under the default increasing step of 0.05 (comparable to the noise level
in the data). The Viterbi algorithm is used to obtain the most probable MCP
state path as the inferred MCP values.

A composite alteration score using both MCP and total copy number may also
be used, such as the proportion of samples with copy >3 and MCP > 0.65 to
capture only allelic imbalanced amplifications.



Quite a number of allele-
specific tumor and stromal
CNV studies/algorithms...
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How is LOH Calculated in OncoSNP

e Expectation maximization (EM) 15 iterations

Let 7y denote the normal DNA fraction of the tumor

sample due to stromal contamination and g = {n; ;‘:1

denote the proportion of tumor cells having the normal
genotype at each probe. The data y={y;} consists

of a set of two-dimensional vectors y; = [r, b;]" whose
elements correspond to the Log R Ratio and B allele fre-
quency respectively.

Given (x, z, m, m) the data is assumed to be distribu-
ted according to a (K + 1)-component mixture of Stu-
dent t-distributions, where k; indicates the mixture
component assignment of the i-th data point,

(1]
St - 7. _E{II}‘ Loy 3. k=o.
Y | xiuzl',ki.ﬂl.ﬂjE = (in{:ll'zf} k, E k, L ) o]

(1)

U (Fpin s Tz )% U (0,1), k=o,
sentation. L'hese probe measurements called the Log R Ratio and the B Allele Frequency respectively

and are defined (approximately) as follows:

R=X+Y, (1)

r = log(R/Rrer). (2]
Y .

Eu'= -1{_ _1’ _";'i‘i"l"'_r- I._:j::

where rr.; and by ; are constants that adjust for probe-specific biases.



Use EM to find a
combination

of pi and theta
with a maximum
likelihood
where pi is the
value for the
stromal
contamination

3 Posterior Inference

Conditional on a value for the stromal contamination mp, we compute maximum a posteriori (MAP)
estimates for the model parameters # = {5, w,d, X, 3} using a expectation-conditional maximisation
(ECM) algorithm. We apply the ECM algorithm for a discrete set of values of my between 0 and 1 and

find the combination (mp. #) that has maximum likelihood.

As the mixture model involves Student {-distributions, we utilise the representation of the Student f-
distribution as a scale mixtures of Normal distributions, treating the scaling variables as latent variables

in the ECM algorithm,
St{y;m, X, v) = ] N(y; m, uX)IG(u; v/2,v/2)du (25)
1]

where St(y;m,X,v) is the probability density function of the Student f-distribution with mean m,
covariance ¥ and v degrees of freedom, N(y;m, X) is the probability density function of the Normal
distribution with mean m and covariance ¥ and IG(-) is the probability density function of the inverse-

Gamma distribution with parameters (v/2,/2).

The ECM algorithm obtains updated parameter estimates ' by maximising the expected complete data

log-likelihood conditonal on the current estimate 8:

#' = arg max Ezzkuxllogply =z, z kum 0)plx, z ku, x|y, é}] (26)

which, under certain regularity conditions, each iteration is guaranteed to increase the likelihood (or

posterior probahility in this instance).



We can derive a maximum likelihood estimator for the regression coefficients using an expectation-

maximisation algorithm which iterates between the following two operations:

3;

(XTWX) ' XTwy, (50)
1 . ,
;(y—X_ﬁ_,-}TIV[y —-X3,;). (51)

The diagonal elements of the n % n weight matrix W are given by,

E{lf{‘rj;lyi‘dj Ji,]’f} —

1
,i=1,...,m. 52
vo? + (yi — Xif35)? T " (52)

The corrected Log R Ratio value for the j-th probe of the tumour is given hy:

Yi = Yj — Bjazj.

State, z  Description  ¢(AA|x) @(AB|z) o(BB|z) @(NC|x)
1 Normal 1-v)/3 (1-v)/3 (1-v)/3 v
2 Autozygosity (1 -—wv)/2 0 (1-v)/2 v
3 LOH (1-v)/2 0 (1-v)/2 v

Table 3: Initial values for the state-conditional emission probabilities.

matrix 7 to the following,

I—po po/2  po/2
= | P2 Lop. a2 (54)
pf2 pf/2 1-p

where (pg = 0.001, p, = 0.01, p; = 0.001) are the transition probabilities out of the normal, autozygosity
and LOH states respectively. The state-conditional emission probabilities are initialised to the values

given in Table 3 with v = 0.01.

We use an expectation-maximisation algorithm to learn the HMM parameters. We initialise the transition



How is %stromal calculation calculated

IN ONncoSNP
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Figure 8 Analysis of a tumor sample with an unknown ploidy status and normal DNA contamination. A likelihood contour plat shows
that there are three modes each corresponding to an altemative explanation of the SNP data: (a) the tumor has near-diploid karyotype and
contaminated with 50% nomal DMA content, (b) the tumor has a tetraploid karvotype with 60% normal DMA content and (€} the tumor has a
near-triploid karyotype with negligible normal DNA content The maximum log-likelihood at each mode is very similar.




How can one calculate %stromal contamination from
dChip MCP, or compensate for %stromal contamination
in dChip MCP scores, and correct MCP/LOH from
contamination level particularly in paired tumors

* QiYuan’s model, Bayesian approach
e ASCAT - PNAS paper model

* EM on dChip MCP or pre-MCP scores

* How does dChip work on so many platforms
without “re-training” — it doesn’t use training
for any of its parameters



How can one calculate %stromal contamination from
dChip MCP, or compensate for %stromal contamination
in dChip MCP scores, and correct MCP/LOH from
contamination level particularly in paired tumors

1) Build a model based on the dChip MCP/HMM
model that incorporates a contamination model

2) Use BAF and Log R Ratio and train HMM states
from those inputs (“dChip HMM on BAF”)

3) Use an HMM to estimate contamination from
copy humbers, BAF, LRR, instead of expectation-
conditional maximization

4) Simple solution, variance of estimated MCP
trained on tumor/stromal mixtures (see next slide)



HCC38M9 to HCC38M6 are mixture

samples with tumor content of 90%, 80%,

70% and 60% respectively.
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MCP threshold of 0.6. See the legend of Figure 2B and 3D for color schemes.




Allele-Specific Copy number Analysis of Tumors ASCAT
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Fig. 1: (A) Tumor Profiles and the ASCAT algorithm. The results of an array-CGH or SNP-array
experiment allow derivation of gains, losses and allelic bias. However, in cancer samples
actual copy-numbers and LOH are difficult to determine, as tumors are often aneuploid and
contain an unknown amount of non-aberrant cells. In this study, we developed ASCAT, a
method to calculate accurate genome-wide allele-specific copy number profiles for tumor
samples, taking into account tumor ploidy and non-aberrant cell admixture. An optimal
ploidy and tumor percentage is determined and a Tumor Profile is calculated (red and green
lines show the allele-specific copy number on the Y-axis vs. the genomic location on the X-
axis; for illustrative purposes only, both lines are slightly shifted such that they do not
overlap). These Tumor Profiles allow accurate derivation of gains, losses, copy-number-
neutral events and LOH. (B) Percentage of aberrant tumor cells across the 5 molecular
breast cancer subtypes. (C) Distribution of ploidy across the 5 subtypes. (D) Frequency of
LOH per case, stratified by molecular breast cancer subtypes. (E) Genome-wide map of
allelic skewness. Here, the frequency of the most frequently gained/lost allele is shown.
Alleles without allelic skewness should have a frequency of 50 % (blue), while alleles that are
completely skewed, have a frequency of 100 % (red). Gene symbols shown contain at least
one SNP with a most frequently gained/lost allele frequency of 95 % or more.
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where the round() function rounds to the nearest nonnegative
integer. On the basis of these estimates ﬁ;}"c’“ and A;:C‘“
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a theoretical Log R and BAF value (7, and b, . Te-

spectively) is calculated:
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Finally, both for Log R and BAF, an aberration reliability score
(/;s and Iy 5, respectively) is calculated as:

I, =1 —abs(*"“f” —rf)jabs(r_.,.) [S14]

~ ASCAT .
I, = 1—abs (b_? —b_q) Jabs(b;, —0.5). [S15]
In case of a copy number aberration without allelic imbalance
labs(r,) > 0.15 and b, = 0.5], the final aberration reliability score
(percentage) [, is given as [, = 100/, ,. In case of an allelic im-
balance but no copy number dbE:rId[l[)Il labs(r,) < 0.15 and b, #
0.5; note that r, and b, are values obtained after ASPCF seg-
mentation, which includes a check for one band with b = 0.5 vs.
two bands symmetric around 0.5], [, = 100/, . In case of both
a copy number aberration and an allelic imbalance [abs(r,) >
0.15 and b, # 0.5), [, = 500, + 501 .

Hence, this aberration reliability score calculates for each
aberration how well the ASCAT-predicted integer copy numbers
match the data, compared with the hypothesis of no aberration.
An aberration reliability score of 100% means ASCAT copy
numbers perfectly explain the Log R and BAF data, whereas an
aberration reliability score of 0 means the data are explained
equally well by the ASCAT copy numbers as by the alternative
hypothesis of no aberration.
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Fig. 54. Validation of ASCAT through a dilution series of a breast carcinoma. ASCAT profiles are shown for a dilution series of a highly aberrant breast
carcinoma with ploidy 4.6n. Because the DNA mixes were produced by a total DNA weight ratio (i.e., not cell ratio), the annotated mixes correspond to (4)
100%, (B) 63 %, (C) 45%, and (D) 30% aberrant tumor cells, assuming that the ploidy is close to 4.6n and the original tumor sample contained no nonaberrant
cells. According to ASCAT, the samples contain (4) 83%, (B) 51%, (C) 46%, and (D) 32% aberrant tumor celk. Of all heterozygous probes, 64.8% (80% dilution),
60.3% (65% dilution), and 59.9% (50% dilution) showed exactly the same copy number for both alleles as the undiluted sample. For 95.3% (80% dilution),
93.9% (65% dilution), and 92.8% (50% dilution) of the heterozygous probes, the resulting copy numbers differ only slightly or not at all (a maximum copy
number difference of 1 was allowed for each allele as well as for their sum).



