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S C t f Bi lSome Concepts from Biology
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Biogenesis of Genes and MicroRNAsBiogenesis of Genes and MicroRNAs

MiRNA geneProtein-coding gene

RNAP II/IIIDNA
Pri-miRNA

Pre-miRNA
Drosha

Within nucleusRNA

mRNA

3’5’

Dicer
Mature miRNA Outside nucleus

RISC-miRNA 
complex

mRNA
Protein
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complex
mRNA degradation Translational repression
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Mapping from Molecules to SystemsMapping from Molecules to Systems

B1 B2
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Disease Association of MicroRNAsDisease Association of MicroRNAs

------- Down regulation
U l ti_____ Up regulation
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Outline of the TalkOutline of the Talk

• Expression studies to co‐expression graphExpression studies to co expression graph 
construction

• Co expression graph mining• Co‐expression graph mining

• Studying the differential co‐expression graphs

• Co‐expression to coregulation

• Disease analysisy

• Future Goals
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Expression Studies to Co‐p
expression Graph Construction
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Co‐expression MeasuresCo expression Measures

− Very few measures for quantifying positive and negative dependence

September 21, 2011 8Presented at UoL, Slovenia

y q y g p g p

− How to signify the amount of deviation?
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Variation of Deviation in Co‐expressionVariation of Deviation in Co expression

Modeling both similarity and deviation
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A Novel Measure of Co‐expression
[1]

A Novel Measure of Co expression
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Combining Co‐expression GraphsCombining Co expression Graphs
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Consensus Gene Co‐expression Graph
[2, 3]

Consensus Gene Co expression Graph
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C i G h Mi iCo‐expression Graph Mining
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Co‐expression Graph MiningCo expression Graph Mining

• Dense subgraphs in gene co‐expression networks based on g p g p
conventional definition of density
– Requires relaxation in the definition of density

Significant participation of all the members should be considered– Significant participation of all the members should be considered

• Quasi‐cliques in unweighted graphs

• Dense cores of autonomous systems in communication y
networks
– What about unweighted graphs?

CLIQUE lik bl h• CLIQUE‐like problems on graphs
– On finding all the dense groups

– study specific to scale‐free graphs
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Generation of False DAVGeneration of False DAV

Density of the graph = 2.(15+2)/[7.(7–1)] ~ 0.8

1

y g p ( ) [ ( )]

2 6

3 5

7

4

* Participation density of 7 is = 2/6 ~ 0.3
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Statement ofMAX‐DAV
[4]

Statement of MAX DAV

Given a weighted graph,g g p ,

),,(
~~
Ω= EVG

and an association density threshold of an N‐vertexlet δ, 
locate a dense N‐vertexlet,

that has the maximum cardinality i e

maxN
letV

that has the maximum cardinality, i.e.,

|}|,...,2,1{,:max VNNN i
N

Vi
i

let
=∀≥∀≥ δμ
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Scale‐free Graphs
[5, 6]

Scale free Graphs

• Degree distributiong

0;~)( >− γγkkP 0;~)( >γkkP
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Equivalence with Quadratic 0‐1 
i bl

[7]

Programming Problem
Theorem 3: The MAX-DAV in a weighted graph,

),,(
~~
Ω= EVG

|| |||| |||| V VV VV

for a given association density threshold δ, is equivalent to the following 
optimization problem,

}1,0{,;])1([min
||

1

||

1

||

1

||

1

||

1
∈∀Ω−−+−= ∑ ∑∑ ∑∑

= == ==
ji

V

i

V

j
jiij

V

j

V

j
j

V

i
i vvvvvvZ δ

where vi = 1 if xi is in the maximum DAV else vi = 0

Maximizing DAV size Satisfying density constraint

Vx i ∈∀where, vi  1, if xi is in the maximum DAV, else vi  0, .i
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Schematic Diagram of the Maximum 
l k d l

[8, 9]

Neural Network Model

u0
1 u1

1 u2
1 un

1…

2 2 2 2

v0
1 v1

1 v2
1 vn

1…
MUTATION

2 2 2 2

v0
2 v1

2 v2
2 vn

2…

u0
2 u1

2 u2
2 un

2…
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C i t C l tiCo‐expression to Coregulation
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Analysis of MicroRNA RegulationAnalysis of MicroRNA Regulation

• Mostly biological analysisy g y
– Not for an exhaustive collection of miRNAs (<10%)

– No significant computational analysis based on expression profiling

• Sequence‐based analyses based on the construction of 
positional weight matrices
– How to establish a correspondence between co‐expression, co‐

functionality and co‐regulation?
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Studies on miRNAs (Schizophrenia Dataset)Studies on miRNAs (Schizophrenia Dataset)
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Biological and Statistical Validation
[10]

Biological and Statistical Validation
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Degree Distribution in TF‐microRNA 
h

[11]

Interaction Graph

24September 21, 2011 24Presented at UoL, Slovenia
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Studying the Differential Co‐y g
expression Graphs
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Relative Co‐expression Score
[12, 13]

Relative Co expression Score

Non-diseased Diseased

- - - - - - - - - - - -miRNA 1

- - - - - - - - - - - -miRNA 2

( ) f)@@(2 YYXXCRCS (X, Y) =  , for X ≠ Y

= 0 otherwise

)@(
)@,@(

2

2

dd

dnddnd

YXCor
YYXXCor

+ε
= 0, otherwise

Here, the constant ε > 0 is incorporated to map the range of RCS
from [0, ∞] to [0, 1/ε] and Cor (X, Y) denotes the Pearson 
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correlation coefficient between X and Y. 
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Association of MicroRNAs with 
l h ’Alzheimer’s Disease
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Differential Co‐expression AnalysesDifferential Co expression Analyses

Method Gray Matter White Matter

# AD related 
microRNAs

p‐value # AD related 
microRNAs

p‐value

Student’s paired t‐
test

8 (15) 3.74E‐02 4 (15) 6.96E‐01
test

SAM 5 (15) 4.66E‐01 3 (15) 8.77E‐01

* Among the top 15 microRNAs selected by the respective analysis

Method No constraint Excluding miR‐423‐5p

# AD related 
microRNAs

p‐value # AD related 
microRNAs

p‐value

* A th t 15 i f i RNA l t d b th ti l i

microRNAs microRNAs

Correlation‐based 
analysis

11 (16) 7.44E‐04 5 (17) 4.66E‐01

September 21, 2011 28

* Among the top 15 pairs of microRNAs selected by the respective analysis

Presented at UoL, Slovenia

N
at

ur
e 

P
re

ce
di

ng
s 

: d
oi

:1
0.

10
38

/n
pr

e.
20

12
.7

11
9.

1 
: P

os
te

d 
3 

A
pr

 2
01

2



Comparative Studies on Different 
h l l hGraph Clustering Algorithms
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Whether Differential Co‐expression 
h d lPatterns Do Exist within a Module?
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The Proposed Approach
[14]

The Proposed Approach
Input: A differentially co‐expressed graph G = (V, E, W, S), a strict lower threshold of differential co‐expression value T, 

and a degree threshold TD.
Output: The set of largest DCSTs.
Remove the edges having weight W ≤ T.
repeat

Remove the nodes from the reduced graph having no connectivity with the others.
repeat

Find the edge having the strongest weight (seed edge) and initialize it as a DCST.
Find the switching pattern of the seed edge.
Find the nodes si forming the strongest edges with the nodes i in the DCST such that none of them is 
present in the DCST. Find the degree values of the si’s.
Select the node si to expand the DCST further by the inclusion of the edge (i, si) such that it possesses:i i

a. comparatively higher weight than the other edges.
b. degree value greater than TD.
c. same switching pattern as that of the seed edge.

Resolve the conflicts in 7.a by randomization.
until The current DCST is no more expandable by the inclusion of edgesp y g
if the DCST is empty then

Exit.
else

Return the current DCST and remove its belonging nodes from the original graph G.
end if

September 21, 2011 31

until The reduced graph is empty
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Construction of the Differentially Co‐
d hexpressed Switching Tree
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Frequency Distribution of the Degree 
l fValues of MicroRNAs
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Di A l iDisease Analysis
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Disease AnalysisDisease Analysis

• Differential expression pattern analysis based on different p p y
phenotypes and mostly biological
– How to define co‐expression/differential co‐expression/co‐expression 

dynamicsdynamics

• Network based analysis
– System level analyses are problem‐specific
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HIV‐1 Human Protein Interaction 
kNetwork

Ptak et al., AIDS Res Hum Retroviruses, 24(12):1497‐502, 2008
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Biclustering ApproachesBiclustering Approaches

• Biclustering approachesg pp
– Cheng and Church’s algorithm (CCA), SAMBA, Co‐clustering  algorithm 

(CA), Divide‐and‐conquer based algorithm (DBA)

• Bicluster types fixed value (CCA SAMBA CA DA) fixed• Bicluster types – fixed value (CCA, SAMBA, CA, DA), fixed 
row/column (CCA), additive coherent value, and coherent 
evolution

• Some are able to find overlapping biclusters (CCA, CA)
September 21, 2011 37Presented at UoL, Slovenia
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Directed Bipartite GraphDirected Bipartite Graph 

If V1, V2 are two distinct sets of vertices and E is a V , V
subset of V1xV2 then a directed bipartite graph is 
definable as

)21(G ),2,1( EVVG =

where the edges (i, j) and (j, i) in

E are distinct.
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Correspondence of a DBClique to an 
Interaction Matrix
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Formalization of an Interaction Matrix 
f d hfor a Directed Bipartite Graph
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The Approach
[15]

The Approach
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Division of the Interaction MatrixDivision of the Interaction Matrix
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* Figure taken from [21]
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Details of the Data and the DBCliques 
b dObtained

• Direct physical interactions/indirect interactions – categorized 
into 65 more specific types

• 19 HIV‐1 proteins and 1448 human proteins

( )• 5134 interactions (18.66% of the total possible)
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Comparative ResultsComparative Results
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F t G lFuture Goals
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Extended Regulation Including MicroRNAs
[16]

Extended Regulation Including MicroRNAs

TF

Gene miRNA
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Thank youThank you
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