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Blood Cell Development

* Motivation
— understand development system
— clinical interest: iImmune cells, leukemia

* Technical aspects
— pure cell samples easily accessible
— broadly studied developmental system
— no computational framework available
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Blood Cell Development
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Goal

Understand gene regulation

during development of blood cells
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Method Outline

Use a statistical model for
1. finding similar ‘development profiles
* tree model

)

2. clustering ‘development profiles’

« combine tree models in a mixture
3. interesting regulatory patterns

« enrichment of microRNA targets
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(1) Method
Tree Model
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Tree Model
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Tree Model
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Tree Model
Assumption

-p|C|B]
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Tree Model
Conditional Gaussian

Conditional Gaussian pdf for p[b|a],
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(2) Method

Mixtures of Trees
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Perspective - Clustering

* ‘Classical’ methods assume independence between
variables.

« ‘Complex’ models (ie. multivariate gaussians) over fit

Ararmaoant

N are
Maldilicicl o.

* Methods for time-courses consider temporal
dependencies, but not trees dependencies

* Mixtures of trees uses prior knowledge with the
requirement of few additional parameters
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Clustering Method

1. Combine K tree models in a mixture model

plA,B,C,D|«,...,a,,tree,,..., tree, |

K
=>"a, - pl4,B,C,D|tree,]
j=l1

where all trees share the same topology
2. Estimate the mixture using EM algorithm
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Results
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Data

* T Cell [Hoffman at el.] Thymus

— 7 detailed stages of mouse ‘_.._.‘_.‘.‘\'

t-cell development
— 1318 genes after filtering

 Lymphoid Tree
— 6 stages of mouse lymphoid

lineage Thymus

— from three studies [Bystrykh

at el., Poirot at el., Tze at el ] /®
— 1321 genes after filtering \

Bone Marrow
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Results — Lymphoid Tree
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(3) Method
microRNA Target

Detection
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MicroRNA Target Detection

MicroRNA have post-transcriptional roles by
repression of target genes

« important in hematopoiesis [Chen et al. 2004]

» degradation of targets transcripts [Lin, 2005, Huang, 2006]

ORF 3‘ UTR

L A
gi=—=== miR-181a
© [TTTTTITOIOOONOoaaaY e
\ T m—— ;N-
/om0
oo 11
IR
oo A
k—_—‘— Y,
cluster assignment microRNA enrichment

Sequence based target detection with mirRanda [Enright, 2003]
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Results - microRNA Targets

Cluster 5

= Y
- w ]

Receptor rearrangements

Gene expression
|

|
| —
1

proliferating cells

5

0
0.5
1
5

resting cells

SP4/SP8

microRNA microRNA Targets

miR-15a, miR-181a, | 2410015N17Rik, Alad, Atpif1, Aurkb, Cdc25a, Chek1,
miR-221, miR-24, Cks1b, Cks2, Eed, H2afx, Kpnb1, Mcm5, Nasp, Pex7,
miR-26a Psmd12, Ranbp5, Rars, Tk1, Trip13, Uchl5
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Results - microRNA Targets
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miR-15a, miR-181a, | 2410015N17Rik, Alad, Atpif1, Aurkb, Cdc25a, Chek1.
miR-221, miR-24, Cks1b, Cks2, Eed, H2afx, Kpnb1, Mcm5, Nasp, Pex7,
miR-26a Psmd12, Ranbp5, Rars, Tk1, Trip13, Uchl5
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Summary

* Novel framework for analysis of development
— querying, visualization, clustering, ...

* Recovery of well known biological facts

» Discovery of putative regulatory elements

— concise lists of microRNA targets and insights on
microRNA function
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Outlook

* Improve microRNA target detection

— integrate microRNA expression in the target
prediction framework [Huang et al, 2006]

Struc | .  y onoloai
* Analysis of a more detailed development tree
(with Fritz Melchers at MPI-Infection Biology)

— microRNA targets validation
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Conditional Prob. Trees
Definition (1)
The prob. density funlc);tion of a CPT is
plX 101=] | PLX, | X 1,0

where X =X ,..., X .., Ay
X, takes expression values of stage j

pa(u)=viorl<v<u<D

@ are the tree parameters
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Prob. Conditional Trees
Definitions (2)
1 [—(xu — 11, —w,, (x, - ,Uv))zj

Plx, |x,,0]=—exp

4 2aj|v
 MLE estimates: « MAP estimates:
=X, W, - Normal(0, N ,Bu|vvar(xv)'1)

*

W,, = Cov(x,, xv) / Var(xv) Wy, = COV(X, , X, ) / (Val‘(xv )-I-,Bu|1v)

2
O'u|

, =var(x,) - wjvvar(xu)

« With empirical Bayes

B, =N / [ var(x,) Var();v) B lj
cov(x,,x, )
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Mixture Model Estimation

We want to maximize:

PLX|0]=]] D .« Plx 6]

=1 j=1

By adding a hidden variable Y, we obtain:
P[X,Y|®]=P[X|Y,0] P[Y| O]
N
:H (aj°P[xi|9j])U

where Y ={y}., andy, e{l,...,K}
Vi =Py, :j|xi99j]
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EM for Mixture Estimation

* |nput:
— genes profiles X and the number of clusters k
* |nitialization:
_ Randoml an 1l ar habilit
PLy; =/l x;, 6,°]
* [terate (until convergence):
— Re-estimate @* given P[y; =] x;, 6" (M Estep)
— Calculate P[y; =/ x;, 6] given &*(E Estep)
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From Mixtures to Groups

1. Maximum posterior assignment:

Y, =argmax(®Ply, =j[x.6,])

1<j<K

P, = 1 %,0,11,) <6
Vs ZargmaX(P[yi =J xi9€j])

1<j<K
- else /

y,=K+1
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Results — T Cell
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Results — Bcell

Bone Marrow
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Results - Simulated Data
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Simulated Data

—random parameters for a given mixture of trees

—addition of independent noise
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Results - microRNA Targets
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miR-181b, miR-181c | Atpif1, Aurkb, Cbx1, Cdc45I, Cks1b, Cks2, Cox5a, Hmgb2,
miR-26a Melk, Ttk, Uchl5

miR-15a, miR15b, Cdca4, Chek1, Mcm4, Nasp, Nfyb, Smc4l1, Tuba24
miR-221, miR-223
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Results - microRNA Targets
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