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Introduction

Microarray Technology
cDNA Microarray Experiment

Research Interest
Current Approach

@ Microarrays are miniaturised biological devices consisting of
molecules (e.g. DNA or protein), called “probes”, that are
orderly arranged at a microscopic scale onto a solid support
such as a nylon membrane or a glass slide.

@ The array elements (probes) bind specifically to labeled
molecules, called "targets”, into complex molecular mixtures,
thereby generating signals that reveal the identity and the
concentration of the interacting labeled cells.

@ Microarray analysis has a broad range of applications that
involve different types of probes and/or targets (cDNA or
oligos).
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Introduction

Microarray Technology
cDNA Microarray Experiment

Research Interest
Current Approach

@ Question: are the (two) studies reproducible?

@ Assessment of reproducibility may help in deciding whether to
use an original expression data or one updated with additional
samples, for differential gene expression analysis.

@ One approach is to model parameters measuring association
between two independent datasets, e.g gene-specific
correlations.

@ A major challenge is that the numbers of probes for each gene
are small and these numbers are different across the datasets.
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Introduction

Microarray Technology
cDNA Microarray Experiment

Research Interest
Current Approach

@ Correlations computed using mean expression values for each
common gene and cell-line between the two datasets.

@ Replicates for each gene not used, thereby ignoring the effect
of multiple probes per gene.

@ Within cell-line variability not accounted for, which may lead
to poor estimates of the correlations.

@ We propose a multi-level model that will better assess
gene-specific correlations between the two datasets.
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Microarray Data

Gene Expression Data
Distribution
Summary

@ Primary data available at the UNC Microarray Database
(https://genome.unc.edu).

e Dataset A (16 melanomas) accessible in GEO
(http://www.ncbi.nlm.nih.gov/geo/) under accession number
GSE7469 and contains 15,749 probes.

e Dataset B (35 melanomas) contains 19,734 probes.

@ The merged dataset has 11,271 genes on 16 melanomas.
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Microarray Data

Gene Expression Data
Distribution
Summary

Probeset Sze

Freauency

Probeset Sze

Figure: 1

Probeset sizes for datasets A (left) and B (right)
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Microarray Data

Gene Expression Data
Distribution
Summary

@ Even though most genes were represented by just one probe in
both datasets, the frequency of replicated genes were quite
high (over 3500 for dataset A and over 4000 for dataset B).

@ There were more probes among genes in dataset B than
dataset A.

@ These results provide further motivation for considering
replicates in modeling gene-specific correlations.
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Notation
Naive Approach Assumptions

Frequentist
Ba

o x=(Xgj, j=1,...,n,i=1,...,5,g=1,...,G)
oy = (Vgik; k=1,...,ny, i=1,...,5g=1,...,G)
® Xgi = i 2731 Xgij

@ Vg = i Zﬂﬁl Ygik

® D = {Xgjj, ygix}, full expression data

® Dpmean = {Xgi, Vgi }. collapsed data
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Notation
Naive Approach Assumptions

Frequentist
Bayesian

® Xgi's are independent for all g and i and y,;'s are independent
for all g and i.

@ For a given g and /, xgj; and x4 may be dependent for j # j’
and ygjx and ygir may also be dependent for k # K.

® Xgi and y,; are dependent within the same gene g and
independent across different genes for all g.
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Notation
Naive Approach Assumptions

Frequentist
Bayesian

° (Xglaygl) ~ N2(mg7 Hg)
b mg - (m%g’n% )l
I’:I Nh%g~ ﬁgf?gf%
® e 5, . R2
Pglxg Ny i

@ Pearson correlation as an estimate of pg
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Notation
Naive Approach Assumptions

Frequentist
Bayesian

© (XgisYgi) ~ No(nig, Hg)
o nig = (i, my,)

° niy, ~ N(mXO,T)%O)

o nmy -~ N(myovT;%o)

°
s
2
=
S
S5
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Notation
Naive Approach Assumptions

Frequentist
Bayesian

2 2
] )
g - £
0 0
I} 0
o o
9 9
g ¢
T T T T T T T T T T
1 0 0 5 Jul -0 5 [} [ Jul
Sample Corrlaton Posterio Estmate of Correation Based on the Colapsed Data

Figure: 3

Density Histograms of Correlations (Frequentist vs Bayesian)

archical Model
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Bayesian Hierarchical Model
Hyperparameters
Gibbs SampllnD Steps

Hierarchical Model Posterior for H,

sub-Gibbs sampling
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Figure: 4

DAG of the BHM (circle: stochastic; square: specified hyperparameter)
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Bayesian Hierarchical Model
Hyperparameters
Gibbs Sampling Steps

Hierarchical Model Sty G (9,

sub-Gibbs sampling

_ 2
© Xgij = [ix; T Exgijs Exgij ™ N(0, ng)

_ 2

@ Ygik = My, T €ygiks €ygik ™~ N(O,Uyg)

® fx,; and py . denote the “true” expression levels of xgj; and
Ygik, assumed to be dependent and random.

® (i, and py,. capture the dependence of xgji's and ygix's within
gene g and cell-line i, respectively.

° ogg and Jf,g quantify the within-cell-line variabilities of the

expression values.
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Bayesian Hierarchical Model
Hyperparameters
Gibbs Sampling Steps

Hierarchical Model Sty G (9,

sub-Gibbs sampling

@ Ugi = (ngivuyg/)/ NN2(mg> Hg)

o mg = (my, myg)/

e H, = ( h)%g pgh><2ghyg )
pgthhYg h)’g

° Ugg ~ 1G(ax, Bx)

° a}z,g ~ 1G(ey, By)

o (o, Bx), (ay, By) are unknown.

ical Model
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Bayesian Hierarchical Model
Hyperparameters
Gibbs Sampling Steps

Hierarchical Model Sty G (9,

sub-Gibbs sampling

Hg ~ IW(vp, Ho)

My, ~ N(mXongo); my, ~ N(m)/ovT)go)
x ~ Ty, @xp)i B ~ T By Broz)

Qy ~ r(ayou ayoz); By ~ r(ﬁyow 6}’02)

2 2 :
Mxoy Tigr Mygr Ty Cxorr Xxgpr Xyprr Xygas Bxorr Bxazr Byors Byea:
pre-specified hyperparameters.
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Bayesian Hierarchical Model
Hyperparameters

Gibbs Sampling Steps
Posterior for H,

sub-Gibbs sampling

Hierarchical Model

Posterior

Parameters: 0 = (i, 0%, H,m, o, oy, Bx, By).

Hyperparams:

Yo = (H07 My, 7—507 My, 7-307 Qxor 5 Cxpz s Cyor s Cypa s 5)@1 ) ﬂxom ﬁ,Vm ’ 6}’02)

Posterior: 7(8|x,y,7,) o L(u,o”|x,y)m(p|m, H)x(m|m,,, 7'30, myo,ryzo)w(H\z/o, Ho)

X 77(0-2|O‘><7 By, ﬂy)ﬂ'(ax‘axou Qixpp )ﬂ'(ay|ayo17 ayoz)

X 7(Bx|Bxor » Broa )T (By | Byor > Byoz)

ical Model
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Bayesian Hierarchical Model
Hyperparameters
Gibbs Sampling Steps

Hierarchical Model Posterior for H,

sub-Gibbs sampling

® Xg = %Zis:l)_(gf? Ve = %21'5:1}7@' (g=1,...,G)
° = gtoy iy X (x — %e)?

© S} = gty i Lt ek — Ve)?

0 R=1Y7 2. &=y V(s — )

_ G 1 G 5
° 55 = % Zgzl 5}27 5523 =61 Zgzl(s)%g - 55)2
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Bayesian Hierarchical Model
Hyperparameters
Gibbs Sampling Steps

Hierarchical Model Posterior for H,

sub-Gibbs sampling

Part Il - EB (Chen et al., 2008)

®
=
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@
X
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§

]
?
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S

1+ (%%)2/5523}5}%7 Byor = Kyeo

(Kxo1» Koo s Kyor > Kyop ) Pre-specified s.t. o, > 1 and oy, > 1.
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Bayesian Hierarchical Model
Hyperparameters

Gibbs Sampling Steps
Posterior for H,

sub-Gibbs sampling

Hierarchical Model

Part [11

= 1 G - = 1 G -
X=172g1%X Y =0Cg-1Ye

G - =
° 2= ﬁ Zg:1(xg —X)?

G - =
° 5}‘% = ﬁzgﬂ()’g —-y)?

2 __
) TXO - WXOSX

N

e m, =

<

-7 2 _ 2
@ my, =y, and 7, = wys;

G S /= - = — - - - -
® Hy = ﬁ > g1 2ai1(Xei — Xg, Yei — Ve ) (Xei — X Vei — V)

@ wy, >0, wy, >0, hy > 0 pre-specified.
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Bayesian Hierarchical Model
Hyperparameters
Gibbs Sampling Steps

Hierarchical Model Sty G (9

sub-Gibbs sampling

Step 0. Set the initial values of
0= (u, 0 m, H, oy, ay, Bx, By).

Step 1. Update H from the conditional posterior distribution
7T("”‘c)(fH),’Yo)-

Step 2. Update 6(_p) from the conditional posterior
distribution 7(6(_p)|H, x,y, 7o)

Step 3. Go back to Step 1.
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Hyperparameters
Gibbs Sampling Steps

Hierarchical Model Posterior for Hy

sub-Gibbs sampling

In Step 1 above,

Hg|0(—wy,vo ~ m(Hglvo + S, Hog),

vo+S5+2+1

_wesizn 1 .
7(Hglvo + S, Hog) o |Hel =% exp { = Str(HogH; ) },

S
HOg = Ho + Z(p’gi - mg)(u’gi - mg)/'
i=1
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Bayesian Hierarchical Model
Hyperparameters
Gibbs Sampling Steps

Hierarchical Model Sty G (9,

sub-Gibbs sampling

Step 2 requires sampling from each conditional below in turn:
[k, m|o®, H,x, y,70];
[02| s, ax, vy, By, By, X, y](Inverse Gamma);
[H|ge, m] (Inverse Wishart);
[ax|Bx, 2, o] (log-concave);
[Bx|ax, 02, v0](Gamma);
[y |8y, 02, 0] (log-concave);
(

[5y|04y7 0'2, ~Yol(Gamma).

Q000000
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Ba |ys-s|1n Hierarchical Model

Hierarchical Model Posterior for ”

sub-Gibbs sampling

@ For (1) above, use the collapsed Gibbs method ( Liu (1994);
Chen et al. (2000))

e (1.a) [u|m, a2, H, x,y] (Normal)
o (Lb) [mlo?, H,x,y, ] (Normal),
o Identity:

[, m|o?, H,x,y,70] = [ulm, o2, H,x, y][m|o?, H, x, y, 7).
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Set Values of Hyperparameters
Results
Discussion

Analysis of Data

o Fit the Bayesian naive model to the collapsed cDNA
microarray data Dpesn and the Bayesian hierarchical model to
the full cDNA microarray data D.

0 (Kxoys ks Kyors kyp) = (0.5,0.1,0.5,0.1), wy, = wy, = 1000,

Yo1»
ho = 0.0001.
@ Resulting hyper-parameters: ay,, = 1.215, a,, = 0.5,
Qyy = 1.203, vy, = 0.5, By, = 0.143, By, = 0.1,
Byoy = 0.141, By, = 0.1, my, = —0.219, 72 = 73035,
my, = —0.031, 72 = 1264.1, hy = 0.0001,
e <7.04 x 107> 1.86 x 10—5>
07 \1.86x 1075 0.97 x107% )
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Set Values of Hyperparameters
Results

Analysis of Data DI EAEST
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Posterior Estimate of Correlation Based on the Full Data
Figure: 5
Posterior Estimates of Correlations based on the Full Data

Bernard Omolo Bayesian Hierarchical Model



Set Values of Hyperparameters
Results
Discussion

Analysis of Data

0 o
g 1
q o q o
0 : 0
i y i )
g0 ‘ £o ¢
¢ o ¢ i o
H ﬂ: H '
¢ r 5 ol ¢ F o
: Wi i e
: artet s & c
§ He? A0, § i‘,-*’ﬂ';m .
io . b HE ; )
3 v;“;y'“ s el i "’;6'" i, Lt
H o gt H R
[ LU 0 KA
§ e gt g RN L
' ! M”?" g : R T
Eu 3/ Eo e
it . if .
w u
H
g g
4 [
9 0
3 d
T T T T T T T T T T
0 05 0 05 i 0 05 [} 05 i
Sample Corelaion Posteir Estimate of Corelaon Based onthe Collapsed Data

Figure: 6

Post. Corr. Full data vs Sample Correlations (left) and Post. Corr.
Collapsed data (right)
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Set Values of Hyperparameters
Results
Discussion

Analysis of Data

Posterior SD of Correlation Based on the Full Data
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Posterior SD of Correlation Based on the Collapsed Data

Figure: 7

Posterior Standard Deviations (SDs) for the Full Data vs the Collapsed
Data
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Set Values of Hyperparameters
Results
Discussion

Analysis of Data

@ The correlation between the sample correlations and the posterior
estimates of correlations based on the full data was 0.8980.

@ The correlation between the posterior estimates of correlations based on
the collapsed data and the posterior estimates of correlations based on
the full data was 0.8989.

@ The sample correlations or the posterior estimates of correlations based
on the collapsed data were larger than those posterior estimates of
correlations based on the full data.

@ The posterior SDs of gene-specific correlations based on the full data
were much larger those based on the collapsed data.

@ This result is expected as the mean cDNA expression values had a much
smaller variability than the original expression values.
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Remarks
Extensions
References
Acknowledgements

Conclusion

@ We have proposed a three-level Bayesian hierarchical model
for the gene-specific correlation coefficient between two
independent datasets that utilizes replicated expression values
for each gene.

@ A comparison with a naive approach indicates that the
Bayesian hierarchical model is more appropriate and thus more
preferable for differential gene expression analysis.

@ The Bayesian hierarchical model allows borrowing strength
across genes.

@ The analysis of the cDNA microarray data empirically shows
that the use of the mean cDNA expression values led to
over-estimation of correlations and under-estimation of the
variability of the estimates of gene-specific correlations.
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Remarks
Extensions
References
Acknowledgements

Conclusion

@ A simulation study is to be conducted.

@ As there were more cell-lines in the new dataset, a natural
extension of this research is to develop a Bayesian procedure
to analyze the new dataset by using the old dataset to elicit
an informative prior.

@ Another extension will be to develop a mixture model for the
correlation coefficients.

@ We have focused on the inference of correlation coefficients.
It is of practical interest to develop a Bayesian procedure to
compare the mean expression levels between two datasets.
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Thanks for your attention!
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