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Outline: Probabilistic Methods for Mutation Detection

1.Primer on statistical modeling (cont’d) -
» Mixture models, inference and parameter estimation using the EM algorithm
2.Detecting Mutations in Cancer Genomes
* Visualizing somatic vs germline SNVs
* Sequencing read count data

3.Mixture Models for SNV Detection
* SNV genotyping strategy
- SNVMix probabilistic model and EM inference
* Predicting somatic SNVs in cancer
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1. Primer on statistical modeling (cont’d)

* Probability
» Unsupervised learning, probability rules & Bayes’ theorem
» Binomial distribution, Bayesian statistics
» Beta-binomial model example

* Mixture models, EM inference & parameter learning

* References:

* Murphy, K. (2012). Machine Learning: A Probabilistic Perspective. MIT Press. ISBN:
9780262018029

» Bishop, C. M. (2006). Pattern Recognition and Machine Learning (Information Science and
Statistics). Springer. ISBN: 0387310738

Fred Hutchinson Cancer Center



Mixture Model: Referee example with multiple coins ‘

Recall: There are T different referees who tossed the same coin N = {1,..., N;} times and Came-
with counts of heads x = {1,..., x;}.

Now suppose there are 3 types of coins: (1) probably fair, (2) unfairly favors heads, (3) unfairly favors
tails denoted as {fair, heads, tails}.

Each referee draws one coin (with replacement) from a hat containing these coin types mixed together.

1 coin type 3 coin types
N

0.2 - 0.2 -
2 2
& 0.1- c
O O
a a

0.0 -

0 10 20 30 40 0 10 20 30 40
Fred Hutchinson cancer cdNidMber of Heads Number of Heads O




Mixture Model: Referee example with multiple coins

Recall: There are T different referees who tossed the same coin N = {1,..

up with counts of heads x = {1,..., x;}.
Now suppose there are 3 types of coins: (1) probably fair, (2) unfairly favors heads, (3) unfairly

favors tails denoted as {fair, heads, tails}.

Each referee draws one coin from a hat that contains a bunch of these coin types mixed together.

1. We don't know the proportion of each coin type in the hat.

2. We don’t know which coin each referee drew from the hat.

3. We don't know the fairness (probability of heads) for each type of coin.

., Ny} times and Came-

Referee | # of tosses |# of heads | Prop. of Type of coin
(N) (x) heads used?
Referee 1 40 25 0.63 ?
Referee 2 42 35 0.83 ?
Referee 3 39 27 0.69 ?
Referee 4 XT Nt XT/NT ?

Coin Type Prci)rF\) cr:rat:on Pﬁgé‘.’aé’ f
“Fair” 4 ?
“‘Heads” ? ¢
“Tails ? ?

Fred Hutchinson Cancer Center




Mixture Model: Latent state model
1. What is the proportion of each coin type in the hat?

Find the probability for drawing a coin type.

Proportion Prob. of I

m, is the probability of drawing coin type k € {fair, heads, tails}

. . K
= (Ryirs Fheads» Traits) are the mixture weights where 3" m = 1

2. Which coin did each referee draw?
Define the latent variables.

Let Z; = k be the type of coin that referee i draws

Z; is called a latent variable and follows a Categorical distribution with parameter 7z
pZ, =k|m.x) = Cat(Z; = k| my.x)
Ty f k= fair

Ty ,q4 If K = heads
7, ifk = tails
The proportions 7., of the coin types follows a Dirichlet distribution (conjugate prior)

Fred Hutchinson Cancer Center ~nter-9-n-Bishon-(2006

Recognition and Machine Learning Perspective. MIT Press

Coin Type in hat heads
“Fair” ﬂ-fair ”
“Heads” Theads ?
“Tails Rtails »
Type of coin
Referee used?
Referee 1 Z1
Referee 2 Zz
Referee 3 Z3
Referee T ZT
o cti(_)n112 in.Mu.rh 12?_ | e



Mixture Model: Likelihood as a mixture of binomials

3. What is the fairness (prob. of heads) for each type of coin?
Find the probability of heads for each coin type. Proportion | Prob. of I

_ _ Bi Coin Type in hat heads
Rec?all. for é S|r?gle coin, p(x; | N;, p) = Bin(x; | N;, u) . Tair Wi
Define the likelihood for a 3-component mixture of binomials
- - “Heads” Rheads Hheads
with 3 parameters, fis ;.. Mpeaas Hiqils ONE fOr €ach type of coin
“Tails Riails Prails

> mBin(N, uy)

K
P | N;y s Ty 50) = Z m Bin(x;| N, u;) Mixture model
k=1

0.2+

Beta prior distribution p(u, | o, f,) = Beta(u, | oy, ;) ails)  Bin(N, i)

Density

Log Likelihood Function of the Model o1
T K
L0 Nypl e w0 = [ Y mBinGx | N ) Likelihood function 0.0- e
i=1 k=1
r K o 0 10 20 30 40
£ = Z} log </§f ﬂkBm(xl-U\fi,,uk)) Log likelihood Number of Heads

Chapter 9 in Bishop (2006). Pattern Section 3.3, 3.4, 11.2 in Murphy (2012).
Fred Hutchinson Cancer Center = ecoanition-and Machine Learning—Machine Learnina-A-Probabitisti G

Springer Perspective. MIT Press



Mixture Model: Inference & parameter estimation using EM (1) .

ExpeCtatiOn-M aximization Responsibilities
agn _gsm Fair Coin | Heads Coin | Tails Coin
Initialize parameters: 7., and j;.x Reteree
. . . @ =Py =H) (4 =T)
E-Step: compute “responsibilities” (inference) WZ, = F)|/(Z, = H) |y(Z, = T)
1. Which coin did each referee draw? (Posterior of the latent states y(Z;.7) ) : 7= )2 = H) 2. = T)
Soft-clustering: Referee 1 has a probability for using each of the coins. 3 TIPS T s =
Responsibilities: “coin that is responsible for generating observation x;” r Pr=0)yr=H)\y(Zr=T)
M-Step: Update parameters (learning) 0.2-
2. What is the proportion of each coin type in the hat? z;. %‘
3. What is the fairness (prob. of heads) for each coin type? u,.x éc’ 017
A
Iterate between E-Step and M-Step, 0.0- (4 - 9%

| . | SK 2 Bin(N, ug)
» check when log-posterior stops increasing. . — :
0 10 20 30 40

Number of Heads

Chapter 9 in Bishop (2006). Pattern Section 3.3, 3.4, 11.2 in Murphy (2012).
Recognition and Machine Learning Machine Learning: A Probabilis

Springer Perspective. MIT Press
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Mixture Model: Inference & parameter estimation using EM (2) ‘

E-Step: compute responsibilities (inference) -
1. What is the probability for a referee to draw each coin type?
(Posterior of the latent states Z;.;)

Find the responsibilities given the current parameters

_ _ Bayes’ Rule
p(Z = k|x, N, 7).y Jty.5) = pii| 2 = bz = k) Posterior distribution

p(x;) of the latent variables
Bin(x; | N, u,)m,

= —
Ly o Responsibility
= y(Z; = k) Referee i and coin k

Responsibilities = “coin that is responsible for generating observation Xx;”

Soft-clustering: Referee 1 has a probability for using each of the coins.
y(Z,.7) is a matrix of probabilities with dimensions 7" X K

Fred Hutchinson Cancer Center °




Mixture Model: Inference & parameter estimation using EM (3) ‘
M-Step: Update parameters (learning)

2. What is the proportion of each coin type in the hat? -
T _ Conjugate b/t
_y(Z.=k)+ o(k)—1 jug
MAP for 7T 7, = i 14 = B+ o0 Categorical & Dirichlet
zf: > ArZi=p+ () -1} distributions
3. What is the fairness (prob. of heads) for each coin type?
T B B Conjugate b/t
MAP for f, = 2 V= Rt o — Binomial and Beta
lu k ZT_l }’(Z,' — k)Nl- +a +ﬁk _9 distributions

Evaluate the log likelihood and log posterior: use updated parameters

LOg_ logP = Zszl log <ZII;1 7, Bin(x; | N, ﬂk)> + log Dir(zw|0) + 211;1 log Beta(ji, | a;, ;)
posterior oy .
Log likelihood Log priors

Iterate between E-Step and M-Step:
Stop EM when new log [P changes less than € compared to previous EM iteration.

Chapter 9 in Bishop (2006). Pattern Section 3.3, 3.4, 11.2 in Murphy (2012). @

Fred Hutchinson Cancer Center S scoanition-and -z . S . TA-Probabi

Springer Perspective. MIT Press



Algorithm 1 Binomial Mixture Model Inference and Learning using EM
1: Inputs:
Data: x1.7, Ni.7

Initial parameters: Wg?l){, ,u,g?}{,

Hyperparameters: 0.5, 1.5, O1:K
2: Initialize:

(0) (0)
T1:K < 7.k H1:K < .k

3: logP < —Inf
4: Compute the observed likelihood using initial parameters:
5: lik < compute.binom.1lik()
6: while converged = false do
7: E-Step: Compute responsibilities:
8: v(Z1.7) < compute.responsibilities()
9: M-Step: Update parameters:
10: m1.x < update.pi()
11: [i1.k 4 update.mu()
12: Assign updated parameters:
13: TLK < T1K, H1:K < H1K
14: Re-compute the observed likelihood using updated parameters:
15: obs.lik - compute.binom.1lik()
16: Compute the log-likelihood:
17: loglik ¢— compute.loglik()
18: Compute log Posterior:
19: logP[curr.iter] ¢ compute.log.posterior()
20: if ( logP[curr.iter] - logP[prev.iter] < ¢ ) then
21: converged = true
22: end if
23: logP[prev.iter] < logP[curr.iter]
Fred Hutchinson Cancer Center 24: end while G
25: return Responsibilites v(Z1.7), Converged parameters 71.x, fi1:K




Mixture Model: Inference & parameter estimation using EM (extra slide 1) ’

Incomplete data log likelihood

T K
Lxy.7: Nyl e Trg) = H Z m Bin(x; | N, i)
i=1 k=1

The incomplete data log likelihood (plus the priors) is used to monitor EM convergence

Expected complete data log likelihood

(Z=k)

Complete data L(py.i> 7y | X175 Zy.0 Nyp)

m Bin(x; | N, i)
likelihood

DM T

Complete data
log likelihood

C(py.x 1 | X175 Zy s NyT) I(Z; = k){log m, + log Bin(x;| N;, ﬂk)}

1

M~

Expected Q=L [f(ﬂlzK’ 7.k | X100 2y, NI:T)] E [”(Zi = k)] {log m + log Bin(x; | N;, Mk)}
complete data »

log likelihood

>~
|

1

I T M= T M 1
Po R
Il

M1~

y(Z; = k){log m, + log Bin(x;| N;, ;) }

>~
I

1
The expected complete data log likelihood in the M-Step is used when updating parameters.

Fred Hutchinson Cancer Center @

Additional definitions for your reference



Mixture Model: Inference & parameter estimation using EM (extra slide 2) ’

M-Step: Update the parameters given the responsibilities -
. K
p(7y. k) = Dir(x|6)[[,_, Beta(u | a, p) Priors
O = Q + log p(7,.x, 1) Complete data log likelihood
. . . . . + log priors
The object function O is used to obtain the update equations for 7z;., and p;.x
00 ) 00 o
— =0, find gy and — =0, find 7,
Ol o

EM Convergence: after each iteration, monitor the log posterior

T K
. . Incomplete Data
£ = ) log ( 2 7Bin(x| Ni)> Log likelihood
i=1 k=1

log P(my.x» py.x | X1.7) = € +log p(7y.k. 1.x)  Log posterior

If the log posterior, log P (7., t41.x | X;.7), stops increasing by €, then EM is converged.
If not using a Bayesian framework, then use the log likelihood, £, to monitor convergence.

Fred Hutchinson Cancer Center

Additional definitions for your reference o



2. Detecting Mutations in Cancer Genomes

- ol [o} fo

.....................

Fred Hutchinson Cancer Center
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Visual inspection using IGV: Germline SNVs

Integrative Genomics Viewer (https://software.broadinstitute.org/software/igv-

 ~1.5to 2 million SNPs per individual

 |dentify SNPs from normal peripheral
blood mononuclear cells (PBMC)

[ NON ) IGV

Human hg19 chr17 chr17:37,868,691-37,868,742 Go Tr <« » @ [ = 2 | Sl =
I [ N I
pl32 p 2133 q22 q23.1 q233 q24.2 q25.1 q25.
- 53 bp
g 10 bp 868,700 bp 868 868,720 bp 868,730 bp 868,740 bp
s | | | | | | | | | |
32538
0000000000 _llumina_P5-Poded, .
jan.bam Cove | | - 1
T
T chr17:37,868,715 |
}Tot | cou I
ma: |
orm
G:
T:17 (52 7-)
185532038_[lumina_P5-Poded. |
m -
T
T
T
SSSS co - AGCTTTGATGGGT T c T cT c TGTCAGGGCALGA(
ERBB.
tracks ||®][cnr17:37,868,715 I |[250M of 436

Fred Hutchinson Cancer Center

Heterozygous SNP with 17
reads containing the variant
and having depth 33 reads

17/33 (48%) variant allele
fraction (VAF)



https://software.broadinstitute.org/software/igv

Visual inspection using IGV: Germline SNVs

Integrative Genomics Viewer (https://software.broadinstitute.org/software/igv-

L JoN IGV

® ~1 .5 to 2 mi”ion SNPS per individual Human hg19 chrl7 chr17:37,868,691-37,868,742 Go 1 <« » I =
B L e e e e s s
 |dentify SNPs from normal peripheral

52 bp -
§ g 90 bp 37,868,700 bp 37,868,710 bp 37,868,720 bp 37,868,730 bp 37,868,740 |
blood mononuclear cells (PBMC L= ————
0184864976 _llumina_P5-Zecan_ (0-2%)
Yexic.bam Coverage .
— chr17:37,868,715
Total count: 79
A:0
O O IGV C:42(53%,0+,42-)
G:0
Human hg19 chr17 chr17:37,868,601-37,868,742 Go T < » = =T I umor =737 (47%,0+,37-)
HN:O
i [—
| _D—QI [ [ I I I [ T IT S —
pl32 pl3.l pl2 pll2 plll qll2 ql2 qZ211 q2131 q21.33 q22 q23.1 q233 q24.2 q25.1 q25.3 ample -
- 53 bp - - ;
g g )0 bp 37,868,700 bp 37,868,710 bp 37,868,720 bp 37,868,730 bp 37,868,740 bp
fatg | | | | | | | | 0184864976 _llumina_P5-Zecan,
838 Yexic.bam
0185532038 _lumina_P5-Poded, -7
Rojan.b Co
= - Tumor and normal sample
T chr17:37,868,715 | .
| | tain het q SNP
|Totalcount:33 | Con aln e erozv OUS
i
l

11A:0
orm C:16 (48%, 2+, 14-)
G:0

T:17(52%,0+,17-)
0185832038 _|lumina_P5-Poded, | N:0

‘Sample =

T 0185532038 _llumina_P5-Poded. -7

T Rojan.bam Coverage .
Normal -
Sequence - AGCTTTGATGGGTAAGAGTGGGCACGATGACCTGAGACAGTGTCAGGGCAG A ( 3N 2N ilinl - ’ -
Rojan.bam
RefSeq Genes ]
ERBB2 -
AGCTTTGATGGGTAAGAGTGGGCACGATGACCTGAGACAGTGTCAGGGCAGA
tracks ||®][chr17:37,868,715 _ I |[250M of 436M T h-m
Fred Hutchinson Cancer Center ER882

tracks loaded |[®]fehr17:37 868,715 i |[313M of 436M



https://software.broadinstitute.org/software/igv

Visual inspection using IGV: Somatic SNVs

« Somatic SNV requires comparing case (tumor)
with control (PBMC)

. On the order of 10 to 10* number of mutations

[ NN IGV
Human hg19 chr17 chr17:41,243,977-41,244,036 Go T <« » @ [0 = 2 | ST
| I | | - 1
pl3.2 pl2 pll2 plll qll.2 ql2 q2l.2 q21.32 q22 q23.1 q24.1 q24.3 q25.2
- 60 bp -
Ei g 41,243,980 bp 41,243,990 bp 41,244,000 bp 41,244,010 bp 41,244,020 bp 41,244,030 bp
o
1% | | | | | | | | | |
0184864976_llumina_P5-Zecan_ i8]
Yexic.bam Coverage

chrl7:41,244,007

Total count: 342

|
l
|
]A:O |
C:214(63%, 111+, 103-)|
TIG:O |
T]T: 128 (37%, 59+, 69-) |
|

JFumor.... o Potential SNV with
Q. 128/342 (37%) VAF

Sample

: 0.V1181]

358M of 436M G

Sequence —)

RefSeq Genes

I tracks chr17:41,244,007




Visual inspection using IGV: Somatic SNVs

« Somatic SNV requires comparing case (tumor)
with control (PBMC)

. On the order of 10 to 10* number of mutations

o @
Human hgl9

IGV

chrl7 KB chr17:41,243,947-41,244,067 | Go

dataType

antibody

120 bp

v ]
[ I I | _EFEI:_-:-:-I
pl3.2 pl2 pllz qllI ql2 q21.31 q22 q23.2 q24.2 q25.1

41,243,960 bp 41,243,980 bp 41,244,000 bp 41,244,020 bp 41,244,040 bp

[ NON IGV
Human hg19 B 7 K chr17:41,243977-41,244,036 Go T < » 0 = =
| I | | | - | 1
pl3.2 pl2 pll2 plll qll2 ql2 q2l.2 q21.32 q22 q23.1 q24.1
- 60 bp
Ei g 41,243,980 bp 41,243,990 bp 41,244,000 bp 41,244,010 bp 41,244,020 bp
o
§§§§ | | | | | | |
0184864976_llumina_P5-Zecan_ i8]
Yexic.bam Coverage

Total count: 342
;A 10
C:214(63%,111+,103-)

}
i
|
1
1
T;C:O ]
T T:128(37%, 59+,69-) |

]

JLUHMOF:.... WMo

—— ———————————————
chrl7:41,244,007

Yexic.bam
Sample ’
T
T
Sequence —p TAGGACTCCTGCTAAGCTCTCCTTTCTGGACGCTTTTGCTAAAAACAGCAGAA
D < T L —— e w2 O S s £ T

RefSeq Genes

BRCA1

0184864976_Ilumina_P5-Zecan_
Yexic.bam Coverage

Tumor

Sample

0184864976 _Ilumina_P5-Zecan_
Yexic.bam

85832038 _[lumina_P5-Poded,

orma

0 532038_Ilurrina_P5-PodId_

Samp

37

Normal sample contains 0/164™

variant reads at SNV

[o- 195]

; chr17:41,244,007

e

Total count: 164

A:0

C:164(100%, 83+, 81-) |
G:0

 tracks chr17:41,244,007

Sequence —)

RefSeq Genes

BRCA1

Y e et (@l ehr17:41 242 007 I

T:0 =
LT LT TR LR T LT LT N:O

A EBNTIENTIENIDEIDIID SN I IANN
SOBER - BRI ° IR ° EERG ' BSAN ' BSAS N R - EEaE - EEN K BB

|[1o4m of 436M



Single Nucleotide Variant (SNV) Calling: Single Sample ’

aattcaggacddpa----------"--"-"-"-"-"-"---~---------
aattcaggac cacga-----—---—--—-—-—=—=—=——=——————~—~—
aattcaggac cacgacgg gacaa-------------

-attcaggac cacgaagg gacaagttcatgtacttt
cacgacgg gacaagttcatgtacttt

Alignedreads ____.,5gac
|
cacgacgg

cacgacgg

gacaagttcatgtacttt
gacaagttcatgtacttt
gacaagttcatgtacttt
oo atgtacttt

Reference seq aattcaggaccaacacgacgggaagacaagttcatgtacttt

Allelic counts a 34445555776E|g6667756666666665555666666666 Reference Counts

00000000001j00000010003J0000000000000000000 Non-reference Counts

Fred Hutchinson Cancer Center @
Goya et al. Bioinformatics 26:703-36 (2010)



SNV Variant Allele Fraction and Genotypes

Variant Allele Fraction (VAF) Analysis

Genotypes: AA, AB, BB
R

Homozygous Heterozygous Homozygous
Reference Variant Variant
(not SNV) (Het SNV) (Homd SNV)

Genotype AA AB BB

Allelic Fraction ~1.0 ~0.5 ~0

- Allelic Fraction is defined as the fraction of reference reads, %, where depth N = A + B

» Values in the table are the expected proportions of reference reads for each genotype

- Why might the observed allelic fractions be different than the expected values?

Fred Hutchinson Cancer Center @



3. Mixture Model for SNV Detection

* SNVMix probabilistic model and EM inference
* Predicting somatic SNVs in cancer

References:

* Goya et al. SNVMix: predicting single nucleotide variants from next-generation sequencing of tumors.
Bioinformatics 26:730-36 (2010)

* Roth et al. JointSNVMix: a probabilistic model for accurate detection of somatic mutations in normal/
tumour paired next-generation sequencing data. Bioinformatics 28:907-13 (2012)

Position i

Fred Hutchinson Cancer Center

SNVMix1 model
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Mapping the Referee Example to Mutation Calling

Referee Coin Toss Example Mutation Calling from Sequencing I-

Data

Referees 1,..., T

For each Referee i
Coin Tosses: IV,
Count of heads: x;
Count of tails: N, — x;

Parameters

Probability to draw coins: 7., Tjeq45 il
Probability of heads for 3 types of coins

/’tfairﬂ Mheads> Muails
Responsibilities

Probability that Referee i used coin k: y(Z; = k)

Data

Genomic loci 1,...,T

For each locus i
Depth (total reads): v,
Count of reference reads: x,
Count of variant reads: N, — x;

Parameters

Probability of genotypes: 744, ZT4p, 7Tpp

Probability of reference base for 3 genotypes:

Haa> HaB> MBB
Responsibilities

Probability that locus i has genotype k: y(Z; = k)

Fred Hutchinson Cancer Center




SNVMix: Probabilistic Model

Sequence Data

There are T different genomic loci with read depths N = {1,..., N;} and reference base counts x = {1,.. .,x-
There are K = 3 different possible genotypes AA, AB, BB

Mixture Model Setup

1. The probabilities for the genotypes are 7,4, 745, 7gp

2.Thus, a specific genotype k € AA, AB, BB can be assigned to the latent state Z; at locus i with these probabilities

Taaifk =AA
pZ;=k|m.x) = { mapifk =AB
rgg if kK = BB
3.The probability of observing a reference base for the genotypes are i, 1 ., Hpp
4.The likelihood is a 3-component mixture Icgf binomials - e Bin(N, i) pin(N. 1)
PG| Ny phy i 1) = 2 m Bin(x; | N;, 1) z) 0.1 -
k=1 A
5.The priors for genotype k € {aa, ab, bb}in the model are 0.0- ) (T ea
(71| 6,.x) = Dirichlet(m, x| 8;.x) > mBin(N, uy)
(| oy, Br) = Beta(u, | oy, pr) 0 10 20 30 40
Fred Hutchinson Cancer Center Number of Head@

Goya et al. Bioinformatics 26:703-36 (2010)



SNVMix: Inference & parameter estimation using EM (revisited)

E-Step: compute responsibilities
1. What is the probability of locus i having genotype k?
T[kBin(xi | ]via luk)

K .
ijl mBin(x;| N;, ji;)

y(Z; = k) =

M-Step: update parameters
2. What is the probability of genotype k?

> rZ=k)+6(k) -1

ﬁ-k=

> rZ=hx+a -1

> AL rz=p+s) -1}

3. What is the probability of observing a reference base for genotype k?

> r(Zi=kNi+ o+ f -2

Responsibilities -

Matrix 7 x K

MAP for

MAP for u

Evaluate the log likelihood and log posterior: use updated parameters

logP =Y, log <zf=1 #.Bin(x. | N,-)) + log Dir(#,|8) + X,_, log Beta(ji,| o, )

Log
posterior

Iterate between E-Step and M-Step: stop when log [P changes less than € compared to previous EM iteration.

Fred Hutchinson Cancer Center Recoanition-and Vs

Springer

Chapter 9 in Bishop (2006). Pattern Section 3.3, 3.4, 11.2 in Murphy (2012). @
~ : NG arehine -earming-—A-Probabiict

Perspective. MIT Press



SNVMix: Calling somatic SNVs from genotype inference

Genotypes: AA, AB, BB
7 /X

Homozygous Heterozygous Homozygous
Reference Variant Variant
(not SNV) (Het SNV) (Homd SNV)

To call a variant for each locus i, we can apply a threshold on the
responsibilities y(Z;)

Responsibilities

Locus

AA AB BB

y(Z, = AA) | (£, = AB) | y(Z, = BB)

y(Z, = AA) | y(Z, = AB) | y(Z, = BB)

y(Z; = AA) | y(Zy = AB) | 7(Z = BB)

r(Zr = AA) | y(Zy = AB) |y(Z; = BB)

Sum y(Z; = AB) and y(Z; = BB) to get the overall probability (either genotype AB or BB) that locus i is a variant

containing the non-reference allele (B)

Additional steps required for filtering and determining if variant is somatic vs germline

Minimum 3 variant reads (/V;, — Xx;) is typically required

Account for mapping and base qualities of sequenced reads (i.e. SNVMix2)

Compare locus 1 in tumor sample to (1) matched normal sample, (2) germline databases

Fred Hutchinson Cancer Center




SNV Genotyping Callers

Variant Allele Fraction Analysis

Single sample

Genotypes: AA, AB, BB

A~ /X

(Homd SNV)

Homozygous Heterozygous Homozygous
Reference Variant Variant
(not SNV) (Het SNV)
Joint tumor-normal
Joint Genotypes:
gn\9r | AA| AB | BB

AA | 0.01]| 0.95| 0.00

AB | 0.00]| 0.04| 0.00

BB | 0.00| 0.00{ 0.00

Cohort level or panel: Machine Learning (supervised)

Fred Hutchinson Cancer Center

Reference
Genome

Normal

Allelic Counts

Tumour

Allelic Counts

an

ar
dr

Somatic

ACTCCCGTCGGAACGAATGCCACG

ACTCCCGTCGGAACCAATGCC- ~ =
-CTCCCGTCGGAACCAATGCCACE
- - -CCCGTCGGAACCAATGCCACE
----- CGTCGGAACCAATGCCACG
----- CATCGGAACCAATGCCACE
------ GTCGGAACCAATGCCACE
-------------- CAATGCCACC

1223355666666608777778773
122335666666667777778777

ACTCCCGTCGGAACCAATGCCACE
- -TCCCGTCGGAACCAATGCCACC
- - -CCCGTCGGAACCAATGCCACL
------ GTCGGLACCAATGCCACE
-------- CGGLCACCAATGCCACG
---------- GCACCAATGCCACE

1123334455636608777788883
112333445566666777788888

Germline

(AA,AB) (BB,BB)

(AB,AB)

Variant caller Type of Single-sample Type of core algorithm
variant mode
BAYSIC [48] SNV No Machine learning
(ensemble caller)
CaVEMan [34] SNV No Joint genotype analysis
deepSNV [38] SNV No Allele frequency
analysis
EBCall [37] SNV, indel No Allele frequency
analysis
FaSD-somatic [31] SNV Yes Joint genotype analysis
FreeBayes [44] SNV, indel Yes Haplotype analysis
HapMuC [42] SNV, indel Yes Haplotype analysis
JointSNVMix2 [30] SNV No Joint genotype analysis
LocHap [43] SNV, indel No Haplotype analysis
LoFreq [36] SNV, indel Yes Allele frequency
analysis
LoLoPicker [39] SNV No Allele frequency
analysis
MutationSeq [45] SNV No Machine learning
MuSE [40] SNV No Markov chain model
MuTect [35] SNV Yes Allele frequency
analysis
SAMrtools [8] SNV, indel Yes Joint genotype analysis
Platypus [41] SNV, indel, SV Yes Haplotype analysis
qQSNP [24] SNV No Heuristic threshold
RADIA [26] SNV No Heuristic threshold
Seurat [33] SNV, indel, SV No Joint genotype analysis
Shimmer [25] SNV, indel No Heuristic threshold
SNooPer [47] SNV, indel Yes Machine learning
SNVSniffer [32] SNV, indel Yes Joint genotype analysis
SOAPsnv [27] SNV No Heuristic threshold
SomaticSeq [46] SNV No Machine learning
(ensemble caller)
SomaticSniper [28] SNV No Joint genotype analysis
Strelka [17] SNV, indel No Allele frequency
analysis
TVC|[97] SNV, indel, SV  Yes lon Torrent specific
VarDict [18] SNV, indel, SV Yes Heuristic threshold
VarScan2 [9] SNV, indel Yes Heuristic threshold
Virmid [29] SNV No Joint genotype analysis

JOiNntSNVMix. Roth et al. Bioinformatics 28:907-13 (2012)

Xu. Comput Struct Biotechnol. 16:15-24 (2018)




Somatic SNV Detection using Joint Inference from Tumor-Normal Pairs ‘

1.Latent variable state space
p Tumor, ¢ Reference ACTCCCGTCGGAACGAATGCCACG

AA| 0.01] 0.95] 0.00 -CTCCCGTCGGAACCAATGCCACL
n,l e {AA’AB’ BB} Normal, n 7Bl ool ool oo - - -CCCGTCGGAACCAATGCCACG

----- CGTCGGAACCAATGCCACE
----- CATCGGAACCAATGCCACE
BB|ooojooojooo Normal — 7770 GTCGGAACCAATGCCACG

2.Probability of the genotypes Ll CAATGCCACE

- - | an  122335566666660777778773
9 mixture weights 7 ;| Allelic Counts 0 122335666666667777778777

ACTCCCGTCGGAACCAATGCCACE
- -TCCCGTCGGAACCAATGCCACC

3.Joint binomial mixture model - - -CCCGTCGGAACCAATGCCACE
------ GTCGGLACCAATGCCACG
9-component mixture model Tumour R ¥ A
K K

n ..t n t ,,n t : n n ,,n ; ! A A AATGCCACE
PO x| NYS NG U e ) = Z Z T k) BinOG [N i )BinQ | Ny ) e CCACG
k=1k=1 Allelic Counts ar 112333445563660777788883
. n ! " / dr 112333445566666777788888

with 9 parameter tuples (u", u') I |

Somatic (AA,AB) (BB,BB) (AB,AB

Fred Hutchinson Cancer Center

Roth et al. Bioinformatics 28:907-13 (2012)



Homework #7: Single-nucleotide Genotype Caller ‘

Implement a standard binomial mixture model described in Lecture 2. -

Learn the parameters and infer the genotypes
Annotate the mutation status for a set of genomic loci.

Expected outputs for each question will be provided so that you can check
your code.

RStudio Markdown and Python Jupyter Notebook templates provided.
Due: May 19th, 2023

Fred Hutchinson Cancer Center @



