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1 Details of EM algorithm

The optimization problem in the M step at the t-th iteration is defined as follows,

W0, Z20 m® a® ¢0) = argmax E,logn(W,Z,m,a, &, p,Q, X),
W, Zm,a,&

where the expectation E, is taken with respect to 7, (p, Q) = 7 (p, QW =1 21 qut=1) qt=1) ¢t-1) X7
The objective function to be optimized at the ¢t-th EM iteration step is given by
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where p = m(t71)+w(t71)z(t71)’ pg) _ ]E(pmx’w(tq), Z(t71)7m(t71)’a(tfl)’g(tfl))’
and Q) = E(w;;|X, W=D ZE1 =1 =1 ¢(t=1) The detailed steps
of the EM algorithm are explained as follows.



E-step for p: If the data type is Gaussian,
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M-step for Z: Solve the lasso problem
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wherei =1,...,n, D; = diag(p1;, . . ., ppi) and ¢; is the i-th column of the
p X n matrix K+ po (¢ —ml'). Here, o denotes the Hadamard product.

M-step for W: Solve the lasso problem
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where j = 1,...,p, G; = diag(pj1,...,pjn), and f]’» is the j-th row of
K+po(p—mll).

M-step for m:
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mj = pjl , =1,...,p.
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Here H; = —diag(eo‘l'wl') — % and g; = 1,41 — eclwl _ Q(O”Vizvll), where
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C «{j:x; is Gaussian} and D < {j : z; is discrete};
t <+ 0;
repeat
for j < 1to pdo
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if j € D then pj; + for 1 <i < m;

) ¢i+n .
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end
for i < 1tondo
z.; < argmin, (32 (W)'D;Wz — 2/ (W)'c; + 3, &ilzl);
for j < 1 to pdo
(w;.) < argming, (3W'ZG;(Z)'wW — W'Z; + > An|wi|) ;
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end
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t+—t+1;

until convergence;

Algorithm 1: EM algorithm for GBC with Adaptive Structured Shrinkage
prior




2 Computation performance

Our algorithm provides great computational performance and is scalable to high
dimensional settings for genomic data analysis since EM algorithm is used. We
benchmark the computational performances of our algorithm on a computer
with 4GB RAM and Intel Core i5 CPU. For a moderate dataset with 1000
genes and 300 samples, one run from GBC takes 54.8 seconds and from sGBC
takes 62.6 seconds (biological information includes 4764 edges).
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Figure S1: Interactions of 48 genes that overlap with the three critical signaling
pathways - RTK/PI3K, p53, and Rb, which closely relate with migration, sur-
vival and apoptosis progression of cell cycles. This gene network information is
extracted from the KEGG pathway and is utilized in the integrative analysis by
the proposed method (section 4.4).
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Figure S2: Graph of likelihood by number of iterations to show that GBC

converges very quickly. A synthetic data set with 300 samples and 1000 variables
are used to plot. Overlap is set to 0 and no biological information is used.
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Xij = pij + €, in Gaussian setting;
Xi; ~ Bin(n;, ﬁ) in Binomial setting;
Cenerste X Xij ~ NB(rj, HP—,,U) in NB setting;
:,uij+ezja if Si :la

Xijq~ Bin(nj, ﬁ), if S; =2; in Mixed data types setting.
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Figure S3: Work flow of the simualtion study.

Negative Binomial

overlap | Method CE CS SEN SPE MCC

Plaid | 0.012(1c-03)  0.15(20-02) 0.35(3¢.02)  1(0c+00) _ 0.04(60-03)
CC | 0.00043(3¢-04) 0.00039(3¢-04) 0.00047(4e-04)  1(3¢-05)  -7.7e-05(1e-03)

0 FABIA | 0.21(3¢-02) 0.21(3-02) 0.21(3e-02) 1(1e-04) 0.42(6-02)
XMotifs | 0.0028(1e-03)  0.0028(1e-03)  0.0031(1e-03)  1(4e-05)  0.0075(4e-03)

ISA 0(0e+00) 0(0e-+00) 0(0e-+00) 0(0e-+00) 0(0e-+00)

GBC | 0.49(2-01) 0.53(1e-01) 1(9e-04)  0.98(1e-02)  0.72(8e-02)

sGBC | 0.48(2e-01) 0.52(1e-01) 1(0e+00)  0.97(1e-02)  0.71(8¢-02)

Plaid | 0.036(3¢:02)  0.089(3e-02)  0.26(5e-02)  1(1e-02) 0.09(6e-02)
CC | 0.00023(2-04) 0.00022(2¢-04)  0.00025(3¢-04)  1(3¢-05)  -0.00083(9e-04)

15 | FABIA | 0.17(3c-02) 0.17(3¢-02) 0.17(3e-02) 1(1e-04) 0.38(5e-02)

XMotifs | 0.0024(1e-03)  0.0024(1e-03)  0.0027(1e-03)  1(3¢-05)  0.007(5e-03)

ISA | 0.0039(3¢-03)  0.0035(3¢-03)  0.004(3¢-03)  1(6e-05)  0.024(2-02)

GBC | 0.42(2e-01) 0.47(1e-01) 1(8e-04)  0.97(2e-02)  0.69(9e-02)

sGBC | 0.49(1e-01) 0.53(1e-01) 1(4e-04)  0.97(1e-02)  0.73(6e-02)

Table S1: Simulation results for Negative Binomial settings. Results are gener-
ated based on 100 simulated datasets: mean(sd).




Mixed

overlap | Method CE CS SEN SPE MCC
Plaid 0.011(1e-03) 0.073(1e-02) 0.23(3e-02) 1(1e-02) 0.027(6e-03)
CC 6.3¢-05(9¢-05)  6e-05(9e-05)  6.8e-05(1e-04) 1(2e-05) -0.0011(4e-04)
0 FABIA 0.1(2¢-02) 0.1(2¢-02) 0.11(2e-02) 1(5e-04) 0.3(5e-02)
XMotifs | 1.2¢-06(1e-05) 1.1e-06(1e-05)  1.2¢-06(1e-05)  1(4e-05)  -0.00012(3e-04)
ISA 0(0e-+00) 0(0e-+00) 0(0e+00) 0(0e-+00) 0(0e-+00)
GBC 0.48(2e-01) 0.51(1e-01) 0.85(7e-02) 0.98(1e-02) 0.69(9e-02)
sGBC 0.7(1e-01) 0.71(1e-01) 0.99(1e-02) 0.99(6e-03) 0.84(6e-02)
Plaid | 0.019(1e-02)  0.043(1e-02)  0.16(3¢-02) 1(1c-02) 0.042(3¢-02)
cC 4.1e-05(7e-05)  4e-05(7e-05)  4.4e-05(7e-05) 1(3e-05) -0.0013(3e-04)
15 FABIA 0.1(2e-02) 0.1(2e-02) 0.1(2e-02) 1(7e-04) 0.29(6e-02)
XMotifs | 5.1e-06(3e-05)  4.7e-06(3e-05)  5.2e-06(3e-05) 1(5e-05) -0.00014(4e-04)
ISA 0(0e+00) 0(0e-+00) 0(0e+00) 0(0e+00) 0(0e+00)
GBC 0.51(1e-01) 0.53(1e-01) 0.89(6e-02) 0.98(1e-02) 0.72(7e-02)
sGBC 0.64(1e-01) 0.66(8e-02) 0.97(3e-02) 0.99(6e-03) 0.81(5e-02)

Table S2: Simulation results for mixed data types. Results are generated based
on 100 simulated datasets: mean(sd).



