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Estimation

1 By SNP:

Estimate genotype and copy number for each SNP.

2 Within a sample:

Borrow strength between SNPs to infer regions of LOH
and copy number changes.

3 Between samples:

Comparison between normal and disease populations to
�nd chromosomal alterations associated with disease.
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The data
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Deletion
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Ampli�cation
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Uniparental Isodisomy
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Cancer samples
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Mosaicism
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SNPchip S4 classes and methods
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The structure of the data we observe

�! At each SNP, we observe a noisy measure of the true
copy number and genotype (and possibly also measures
of con�dence in those estimates).
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Another HMM...?

Novel (and we believe, important) HMM features:

1 Model the observation sequence of genotype calls and
copy number jointly (Vanilla)

2 Integrate con�dence estimates of the genotype calls and
copy number estimates (ICE)
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The Vanilla HMM components

Observations cCN and cGT

Hidden states

Initial state probability distribution

Transition probabilities

Emission probabilities

Ingo Ruczinski Assessment of Chromosomal Abnormalities



jhu

Hidden states
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Transition probabilities

Following suggestions in the literature, we model the transition
probabilities as a function of the distance d between SNPs.

Speci�cally, let � (d) � 1 � e� 2d denote the probability that SNP
i is not informative (Ic) for SNP at i + 1.

For example:

�

G# j �
(d) = P f G# i+ 1 j � i ; d g

= P f G# i+ 1; I j � i ; d g + P
�

G# i+ 1; Ic j � i ; d
	

= P f G# i+ 1 j I; � i ; d g � P f I j � i ; d g +

P
�

G# i+ 1 j Ic; � i ; d
	

� P
�

Ic j � i ; d
	

= P f G# g � � (d):
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Emission probabilities

We assume conditional independence between copy number
estimates and the genotype calls.

For example:

f ( cCN; cGTj� ) = f ( cCNj� ) � f ( cGTj� )

= f
n

cCN j &
o

� f
n

cGT j #
o

= � &

n
cCN

o
� � #

n
cGT

o
:
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More information

�! The con�dence in genotype calls can differ substantially
between SNPs!
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Integrating con�dence estimates for genotype calls

Let S cGT
be the con�dence score for the genotype estimate.

We can estimate from Hapmap the following densities:

f
n

S [HOM
j [HOM; HOM

o
; f

n
S [HOM

j [HOM; HET
o

; f
n

S dHET
j dHET; HOM

o
; f

n
S dHET

j dHET; HET
o

:

�! Note:
f

n
S [HOM

j [HOM; #
o

� f
n

S [HOM
j [HOM; HOM

o

f
n

S dHET
j dHET; #

o
� f

n
S dHET

j dHET; HOM
o

:

Ingo Ruczinski Assessment of Chromosomal Abnormalities



jhu

Emission Probabilities - Loss

Recall that

f ( cCN; cGTj� ) = f ( cCNj� ) � f ( cGTj� )

= f
n

cCN j &
o

� f
n

cGT j #
o

= � &

n
cCN

o
� � #

n
cGT

o
:

If the state for a particular SNP is Loss, we have

� #

n
cGT; ScGT

o
= f

n
cGT j #

o
� f

n
ScGT

j cGT; #
o

:
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Emission Probabilities - Retention

For retention, the true genotype can be HET or HOM:

� G#
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o
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o
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o�
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Vanilla ICE comparison
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Bioconductor package: ICE
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A HapMap sample
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Many HapMap samples
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SNP Trio
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SNP Trio
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SNP Trio

Ingo Ruczinski Assessment of Chromosomal Abnormalities



jhu

Probability

�! Given the number of SNPs for a particular event region
type (M), among all uploaded informative autosomal
SNPs (X) of that trio, what is the probability to have the
observed number (N) or more informative non-BPI SNPs
of that type clustered together solely by chance?

In other words, if the M SNPs of a particular event region type were randomly

dispersed among the X informative autosomal SNPs, how probable is it to

observe an event of the same or larger magnitude (de�ned by th e number of

consecutive SNPs of that event region)?
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Probability

Let p be the probability of a positive outcome in a Bernoulli
trial (e.g. a 1 for 0/1 outcomes).

Assume that we have Z trials.

Let LS be the length of the largest block of consecutive
ones in those Z trials.

Let PZ (LS < N) be the probability that LS is smaller than
some number N.
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Probability

If Z < N, then PZ (LS < N) = 1.

If Z = N, then PZ (LS < N) = 1 � pN .

If Z > N, then

PZ (LS < N) =
N� 1X

k= 0

pk (1 � p)PZ � k� 1(LS < N)
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Probability

Tabulate the probabilities P1(LS < N); : : : ; PN(LS < N).

Calculate PN+ 1(LS < N); PN+ 2(LS < N); : : : ; PX (LS < N);
iteratively.

Using p = M=X, the probability of having N or more
informative SNPs of a particular non-BPI type clustered
together solely by chance is equal to 1 � PX (LS < N).
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HMM for SNP Trio
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