
Supplementary Materials for “A Bayesian Approach to Joint Mod-

eling of Protein-DNA Binding, Gene Expression and Sequence Data”

by Yang Xie, Wei Pan, Kyeong S. Jeong, Guanghua Xiao, and Arkady B. Khodursky

1 Computation Details

1.1 The prior distributions for hyperparameters for joint modeling:

τ2
0x ∼ IG(0.01, 0.01)

τ2
1x ∼ IG(0.01, 0.01)

λx ∼ logNormal(0, 100)

px ∼ Beta(100, 900)

τ2
0y ∼ IG(0.01, 0.01)

τ2
1y ∼ IG(0.01, 0.01)

~py0 ∼ Dirichlet(1, 1, 1)

~py1 ∼ Dirichlet(1, 1, 1)

λy ∼ logNormal(0, 100)

τ2
0z ∼ IG(0.01, 0.01)

τ2
1z ∼ IG(0.01, 0.01)

pz0 ∼ Beta(1, 1)

pz1 ∼ Beta(1, 1)

λz1 ∼ logNormal(0, 100)

λz2 = λz1 + dz

dz ∼ logNormal(0, 100).
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1.2 The conditional posterior distributions:
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px|· ∼ Beta(G1x + 0.1 × G,Gx0 + 0.9 × G)
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1yȳij − λyσ

2
iy

τ2
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where θ|· means the distribution of θ condition on all other parameters and the data; α = 0.01,

β = 0.01, G = 3924 the total number of genes, n = 5 the number of replicates for binidng data,

ny = 6 the number of replicates for expression data, G0x =
∑G

i=1 1(Iix = 0),G1x =
∑G

i=1 1(Iix = 1),

G0y =
∑G

i=1 1(Iiy = 0),G1y =
∑G

i=1 1(Iiy = 1), G2y =
∑G

i=1 1(Iiy = 2),G0z =
∑G

i=1 1(Iiz = 0),

G1z =
∑G

i=1 1(Iiz = 1).
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Simulation P̂ r(Iix=1) P̂ r(DE|Iix=0) P̂ r(DE|Iix=1) P̂ r(Iiz=1|Iix=0) P̂ r(Iiz=1|Iix=1)

truth 0.2 0.05 0.8 0.0 1.0

prior 1 0.214±0.003 0.004±0.001 0.865±0.021 0.152±0.031 0.966±0.006

prior 2 0.155±0.004 0.008±0.004 0.923±0.023 0.167±0.038 0.981±0.005

Table 1: The parameter estimations in simulation study 1. Prior 1: px ∼ Beta(200, 800); Prior 2:

px ∼ Beta(100, 900).

4



0 1000 2000 3000 4000

4000

3000

2000

1000

0

Ranks of target genes using maxium scores

R
a
n
k
s
 o

f 
ta

rg
e
t 
g
e
n
e
s
 u

s
in

g
 m

e
a
n
 s

c
o
re

s

Figure 1: The scatter plot of ranks of the known Lrp target genes when using maximum sequence

scores vs mean sequence scores to summarize the sequence data for Lrp data.
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Figure 2: ROC curves for simulation study 7. The mean and standard errors of sensitivities (the

vertical tick marks on the line) were used to evaluate the performance of each model.
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Figure 3: Boxplots of Area Under Curves (AUC) for the simulated data sets using simulation set-up

7, the simulation was repeated 50 times.
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Figure 4: ROC curves for comparing joint modeling and combing p-value approaches in Simulation

set-up 2 .
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Figure 5: ROC curves for using different priors for Pr(Ix) = 1 in simulation 1. Prior 1: px ∼

Beta(200, 800); Prior 2: px ∼ Beta(100, 900).
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