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Abstract

Microarray technology is often applied in control studies where

measurements are simultaneously taken for thousands of gene expressions

on matched pairs. For completely paired data, Bayesian methods provide

a natural solution with small sample size. However, the Gene expression

data often have missing values which causes part of the observations

unmatched. For the small sample size as in the context of gene

expression data, excluding those unpaired observations for the analysis

may lead to significant information loss. We generalize the Bayesian

method for partially paired gene expressions, which provides a natural

way to incorporate the information from the unmatched observations for

a better estimation.



The Data

Paired experiment:

- Suppose we conduct a certain treatment on n patients.
- Isolate RNA from each sample and sent to the Microarray

facility

Paired and unpaired data

- 3 samples failed, so data are from 9 samples.
- 3 paired data, 2 from GFP-, and 1 from GFP+.



Statistical Model

The data for jth gene are arranged as follows:

X1j , . . . , Xnj ; X∗
1j , . . . , X

∗
n1j ;

Y1j , . . . , Ynj ; Y ∗
1j . . . , Y ∗

n2j .

where (Xij , Yij): paired gene expressions. X∗
ij , Y ∗

ij : unpaired
observations.

(Xi, Yi)T ∼ N(µ,Σ) where µ = (µj , µj + δj)T and

Σj = σ2

(
1 ρj

ρj 1

)
.

X∗
ij ∼ N(µj , σ

2) and Y ∗
ij ∼ N(µj + δj , σ

2)



Mixture Model

The primary interest here is to test the difference in gene
expression δj .

δj is modeled by a mixture of normal and point mass at 0:

π(δj | p, τ2) = pφ(δj/τ) + (1− p)I{0}(δj),

where p denotes the probability of being differentially
expressed (DE).

Latent variable γj = 1 if jth gene is DE; otherwise 0.



Priors and Posteriors

Priors distributions for (µ, σ2,ρ, p, τ2) are specified as follows:

π(µ, σ2,ρ) ∝ 1
σ2

J∏
j=1

1
(1− ρ2

j )2
(*)

π(τ2 | σ2) ∝ 1
σ2

(
1 +

τ2

σ2

)−2

π(p) ∝ pα−1(1− p)β−1 ≡ Beta(α, β)

Though improper, (*) is a reference prior, and it can be shown
to have proper posterior.

We are interested in the posterior P (γj = 1 | Data).



Gibbs Sampling

Define Θ = (µ, δ,γ,ρ, σ2, τ2, p), Data = (x,y,x∗,y∗).

Closed forms for sampling µ, δ,γ, σ2

(µj | Θ−µ,Data) ∼ N(m(µ)
j , σ

(µ)
j )

(γj | Θ−(γ∪δ),Data) ∼ Bernoulli(p(γ)
j )

(δj | Θ−δ,Data) ∼ N(m(δ)
j , σ

(δ)
j )

(p | Θ−p,Data) ∼ Beta

α +
J∑

j=1

γj , β + J −
J∑

j=1

γj


(σ2 | Θ−σ2 ,Data) ∼ IG

(
J

(
n +

n1 + n2

2

)
, η

)

No closed forms for (τ2,ρ). Use Metropolis-Hastings algorithm to
sample (τ2 | Θ−τ2 ,Data), and (ρj | Θ−ρ,Data).



Simulation Study I

Data is exactly generated from the aforementioned Bayesian Hierarchical
model by adding predetermined mean shifts (simulated from Normal) to
samples from group II.
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Figure: Left panel is the posterior distribution for p (true is 0.01) and
Right panel is for σ2 (true is 1.0).
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Figure: posterior distributions for the top 20 differentially expressed δ.
We get no false discovery comparing with the truth



Simulation Study II

To learn the robustness of our analysis, we simulate data from
Bivariate t-distribution, and adding predetermined mean shifts
(simulated from Normal) to samples from group II.
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Experimental results showed that we had false discoveries comparing
with the truth.
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Figure: posterior distributions for the top 12 differentially expressed δ.
Note - we are getting false discoveries comparing with the truth



Results of the HSC Data

After screening, reduce 32841 genes to 8763 genes.

120 DE genes are identified with P (γj = 1 | data) > 0.5; among
them 84 genes are very significant with P (γj = 1 | data) > 0.9.
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