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COMPARATIVE GENOMIC HYBRIDIZATION

• Kallioniemi, et al., Science, 1992.

• Pinkel, et al., Nature Genetics, 1998.

• Genome-wide DNA copy number variations in tumors

• Competitive hybridization to immobilized DNA of

1. fluorochrome labeled tumor genomic DNA

2. differently labeled normal DNA

• Image processing to score chromosomal imbalances



CGH Aberrations in 137 Invasive Ductal Breast Cancers
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From data collected by I. Tomlinson and R. Roylance, Cancer Research UK



Sample Correlations Are Not Consistent With Independence

Pairwise sample correlation between aberrations
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Statistical Questions

• test, quantify marginal heterogeneity; identify frequent

aberrations; identify neutral aberrations

• test, quantify dependence; identify relevant combinations

• cluster aberrations/tumors

• derive biomarkers



Tree MCMC, RCC data: Estimated Tree
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Network Parameter Space: P ⊂ T ⊂ G

P. Non-overlapping: C = {C1, . . . , CK} is a sub-partition.

G. General: anything, except no j, k with Cj ⊂ Ck.

T . Tree-like: Edges e1, . . . , eJ form a sub-partition. Each

edge e has a parent edge PA(e) that is the root or another

edge. No loops. Internal node order ≥ 3. Ck =
⋃

j∈pathk
ej
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Instability: Zi ∼iidBernoulli(θ) for aberrations i ∈ {1,2, . . . , n}.

Selection:

• Network C = {C1, C2, . . . , CK} of ensembles Ck ⊂ {1,2, . . . , n}

• Open ensemble: Ak =
⋂

i∈Ck
[Zi = 1]

• Selection: SEL =
⋃K

k=1Ak

Measurement Error:

[Xi|Z] ∼

{

Bernoulli(1− δ) if Zi = 1
Bernoulli(γ) if Zi = 0

IS joint pmf:

f(x) = P (X = x|SEL)



Instability-Selection Model

• snapshot of a dynamic biological system [tumor growth]

• aberrations emerge randomly [genetic instability]

• beneficial aberrations survive [cell-level selection]

• multiple steps, multiple paths



IS Sampling Properties (simulation)

e.g., n = 12, C = {{1}, {2,3}, {2,4}, {5,6}, {5,7,8}}

θ = 0.1, γ = δ = 0.01
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IS Sampling Properties: C ∈ T [Yang]

Assume δ+ γ < 1; denote α = E(Xi) = θ(1− δ) + (1− θ)γ.

• If i ∈ Ck for some k, E(Xi|SEL) > α.

• If i, j ∈ e for some e, E(Xi|SEL) = E(Xj|SEL) and

cov(Xi, Xj|SEL) ≥ 0

• If j ∈ e and i ∈ PA(e) for some e, E(Xi|SEL) > E(Xj|SEL)

and cov(Xi, Xj|SEL) > 0

• If i ∈ e1, j ∈ e2 and e1, e2 are edges in different ensembles,

cov(Xi, Xj|SEL) < 0.

• C is identifiable



IS Sampling Properties: C ∈ G [Hastie]

Again, assume δ + γ < 1. Given C = {C1, . . . , CK}. Let i and j

denote two aberrations in {1,2, . . . , n}.

• If j never occurs in an ensemble without i, then

E(Xi|SEL) ≥ E(Xj|SEL) and cov(Xi, Xj|SEL) ≥ 0.

• If i and j both occur in at least one ensemble but never occur

in the same ensemble, then cov(Xi, Xj|SEL) < 0.

• Suppose that every ensemble contains either i or j or both,

and both i and j occur in at least one ensemble without the

other. Then cov(Xi, Xj|SEL) < 0.

• · · · ?identifiable? · · ·



Likelihood

Multiply across tumors.

With data x = (x1, x2, . . . , xn) from one tumor,

P (X = x|SEL) = P (X = x)
︸ ︷︷ ︸

easy

P (SEL|X = x) /P (SEL)
︸ ︷︷ ︸

harder

P (X = x) = α
∑

i xi(1− α)
∑

i(1−xi)

Recall SEL =
⋃K

k=1

⋂

i∈Ck
[Zi = 1].
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Likelihood Evaluation: C ∈ T
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c = a[1−(1−b)(1−a)]

d = a[1−(1−b)(1−a^2)]

P(SEL|X=x) = 1 − (1−b)(1−c)(1−d)



Prior: C ∈ T

• Uniform on trees, conditional on set of edges.

Type I Type II

Type I Type II

# distinct edges 1 2 3 4 5 6 7 · · ·
# trees 1 1 4 17 116 997 10270 · · ·

• Polya prior to create edges (partition, neutrality).



MCMC: C ∈ T
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Tree MCMC, RCC data, prefiltered
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Likelihood Evaluation: C ∈ G

Inclusion-Exclusion for P (SEL) = P (
⋃K

k=1Ak):

K∑

k=1

P (Ak)−
∑

k 6=l

P (Ak ∩Al) + . . .+ (−1)K−1P (A1 ∩ . . . ∩AK)

An efficient algorithm (Thanks J. Kadane.)

Aberration Ensemble
v1 v2 v3 v4 v5 v∗

1 1 0 0 0 0 0
2 0 1 1 0 0 1 E.g., P (A2 ∩A3 ∩A4)
3 0 1 0 0 0 1

4 0 0 1 0 0 1 = P
(
⋂

i:(v∗i=1)
[Zi = 1]

)

5 0 0 0 1 1 1

6 0 0 0 1 0 1 =
∏

i:(v∗i=1)
P [Zi = 1] = θ5

7 0 0 0 0 1 0
8 0 0 0 0 1 0

neutrals 0 0 0 0 0 0



Prior: C ∈ G

• Uniform on K (up to a max)

• Uniform on C given K, or Gibbs

MCMC: add/drop ensembles; randomize matrix elements
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C ∈ G MCMC, Renal Cancer Data
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Reconstructed Amplifications: NCI−60
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Permutation Distributions for Amplifications: NCI−60
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Binary-sequence spaces: Each column represents the set of possible

sequences that one might obtain by shuffling the observed sequence x =

(0,1,1,0,0,1,1,1) under various restrictions. This test sequence x is

listed seventh in the list Ω1 containing all 56 binary sequences having

three 0’s and five 1’s (the drawing code is blue for 1 and pink for

0). The list Ω2 contains all those sequences sharing the same transition

statistics as x. The list Ω3 contains all those sequences sharing the same

segment length set as x. As necessary by the theory, Ω3 ⊂ Ω2 ⊂ Ω1.



Ω1 Ω2 Ω3



Let

X(g) = #[tumors with damage at g]

T = max
g

X(g)

Sm = sufficient stat. on H0, model m

In exact testing of: H0 : E[X(g)] = constant,

Pm [T ≥ crit(s)|Sm = s] ≤ α

and thus marginally

Pm [T ≥ crit(Sm)] ≤ α.

Conjecture (robustness): For certain reversible, stationary m,

Pm [T ≥ crit(Siid)] ≤ α


