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HEFEARM D HERE

AL M 7 7 e R TR B IR T i KA

dxj(t) / dt = ag + a1 X, (t)+ 8; , Xo(O)+ ... + &, X,(1)

Network model a
promoters—t}—» O Q Influence
function
¥ o o
RNAs — | » a- -Q 2 dX,
) CJ. 'Q
Q , Q w Output
¢ @ D Input RNA Transcription
é O concentrations Rate
dX,/dt = f(X,,...) = a, X5 + ag Xg + ag Xg + a;5 X;5

Pt ZHN IR THERN EH R EAIZRR2, 6, 9, 13
HIZETRMEX, Xo. Xo, X1, HILGIEL S
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HFRIX

+ RMEIFE (Reverse-Engineering )

X=J . X+B+¢g
X(1)1°°°1X(m):>Jnxn

X eR", m << n

« OHIX, B, R%EM J

JanXnXm — XnXm i BnXm

« m>n AR/ RIS OIE, B5HKE. Em<<n5iz4H
FP RS

9



SN |R)

RN R R E R H<<E

#1817 (Dimension Problem) : A HISEIRR A

3 LoOn

« Pl G, HEZAAERRE S m(ZR20)<<
B2 5 hEE RN n(£956000) .

LR e el N FE EEAER), Eﬂ’ﬁ?ﬁ?‘?%
NI LA AT UL A SIS M B0 M 4

« RS IR e R4E R o) 7R
BRoK & EEE M Ryl RS
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F{ET#E (SVD)

%E%ﬁﬁﬂfﬁ?ﬁﬁ’

€ =

] = (X — B)UE—lvT

11



EFRIA
+ SVD R &/ ZRE X TRV
J=argmin||JX + B — X||»

+ 1HBFRIE (General solution)

J=J+vyVv?

» YAERMUWEE T LIT % &Rt MRBERIAvIER%

[ y11 Y12 -+ y1; 0.0 --- 0.0
o il Pl e T U SO,
L Ynl Yn2 ~° Ynl 0.0 --- 0.0_

| KT R AR AR AT



BN JEfFIIR G H R LT, 1EAE
K TLJTHIRT 1E]/7 5

The Brown Lsb
A E LT /
YIZ I wn =5+ 2 Microarra
g;%%ﬂ]ﬁg dlurtina: PI tforms \qigzg:ﬂ
« NCBI Gene Expression Omnibus
GE% Gene Expression Omnibus 137231 experiments
- EBI Array Express
 DITHIESE T 15228 expariment
Hygﬁ%ﬁﬁﬁ exXxperimenis

BEFER =7
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SRS EERIEZIRE
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Structlre
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BEVD |_-| e U
"J v —
Genera Solution 5
General _.::u_l,utlon 1 ; " j H
SEE " i -v*
i VD _f: -' Consmtent Structure /_\ m
5%
—

General Solution 2
General Solution 4
svVD L1

General Solution 3

(( (%

Yong Wang, Trupti Joshi, Xiang-Sun Zhang, Dong Xu, and
Luonan Chen. Inferring gene regulatory networks from multiple

microarray datasets, Bioinformatics, 22, 2413-2420,
2006.
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Protein-Protein Interaction Network
(PPI-Network )
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Notations

I

;"U'—H. P_{P:]_;PQ!' P}
Domain 2H: D = {D,, D, :-+, D\, }

H

— M EHBFEA/BIdomain: P, = { D';, Di,, ---, Di }
—E&BAR (,)) : Pij = (P, Pj)

—%J domain (m,n) :D_ . =(D,,D,)
P;={Dmn | D € P, D, € P,} B AASRIZE B BRI, j)
FH B2 BY Fr & domain

H




Notations (continued)

« PPIEE
« BARBRX (,)) 183Z: p;=1
« BEBREX (i, )4 #83Z: p;=0
« EEBX (i, j) HZEER: p,

+ DDIE=
« domainxt (m, n) #83Z2: d,, =1
« domain¥} (m, n) A#83Z: d,,=0
« domainX} (m, n) fH3ZHIBEZE: A,



An example
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ERIERIA. \PPIX] 2 {E K HE S Amn FFIPY BYA SR
%} Amn 8944 3+— Association Method
> o

Dmnepij
P?lj Eptra,in

2. 1
Dmnepij
P?lj Ept'r'a'in

A’TTL’TL T

where 0,=0/1 is an observation which denotes whether 7,
and P have interaction.

B Sprinzak, E. and Margalit, H. (2001) Correlated sequence-signatures as markers
of protein-protein interactions. Journal of Molecular Biology, 311, 681-692.



A. \PPIXIE2{E K HE S Amn 71 P BOBAST: X PuBYIELT
— Expectation-Maximization (EM) method
Pr(o;; = 1) =Pr(o;; =1,p;; = 1) + Pr(o;; = 1,p;; =0)
=Pr(oi; = 1lpi; = 1) Pr(py; = 1)

+ Pr(o;; = 1|p;; = 0) Pr(p;; = 0)
—Pr(py; = 1)(1 — fn) + (1 — Pr(py; = 1)) fp

false positive rate fp = Pr(o;; = 1|p;; = 0)
where  false negative rate fn = Pr(o;; = 0lp;; = 1)

Likelihood function:
L = T](Pr(oy; = 1))°(1 ~ Pr(oy; = 1))~

¥ Deng, M. et al. (2002) Inferring domain-domain interactions from protein-protein
interactions. Genome Research, 12, 1540-1548.



BLZEEAEB. MM piBIES: Ann = pi

H13E T DDIEgH#EZRAmn , ] LUEH PPIBYE 2 Oi
PPIFY#EE = 1 - FFE5DDIF iR
=1-N{1- S/ DDIH3ZAVELZR]}, H]

Pr(pij=1)=1— ][ (1 -Pr(dpn,=1))
DmnGPng

7Bl
Pi =1-M{1-Amn}



EALEIB.,  Amn FO Pij E(J__E-L'g Pij = Amn
— ASNM method

Z Pij

Dmn E-Pij
P’L’j Ept"r‘a,'in

2. 1
DmnEszlj
Pfi,j eptfr'ain

A’I”I’L’I’L T

¥ Hayashida, M. and Ueda, N. (2004) A simple method for inferring strengths of
protein-protein interactions. Genome Informatics, 15(1), 56-68.



ASNM=5 sy s s 2 s mr ey Qi —mE1=, HRE
LTS ]

+ Assume p;=0.1, then A 53 =A;,= Ay3= Ay, =0.1 according to the ASNM method; So Pr(p;=1)
= 0.3439 from the prediction formula.

that is consistent with the experimental ratio p;=0.1.



W4z B, Amn F1 0 N E S
Py 2 Amn — APM method

+* An association probabilistic method (APM):

> (1= p)™)
o1

Pij Eptrain
Dmn EP’LJ

P?lj Ept"r‘ain

)\mn —

where |P;| represents the number of domain pairs in P

B L. Chen, LY. Wy, Y. Wang, X.S. Zhang. Inferring protein interactions from experimental
data by association probabilistic method. Proteins: Structure, Function, and
Bioinformatics,2006.



4 39 B8 A TEF A N 257900 a9 LT AE EY
—— Parsimony Model (PM)

EH£H .
e TN LN =

+ FANER

Ba fH:

domain¥tHEE;

+ T2 HIEES XPPIE
EHBEXRIdomaind i, RERGERAX—XER]

AYERIT
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-8 B8 Z_TEA N 710 89 L1 A5 BY
Parsimony Model (continued)

2 Iggrsin%gny Method (PM): Z TR R AT sE/DRIDDIXT S “fERE" #HUE2Z
PPIxT.
» XA U TR RZMHIR] (ILP) Rk

Pklinimim*{dm} Z i -
=
51111}:*&"[ Lo Z dmn = 1 for each pz'_i? P
‘r—-‘l':-'.*'. 'EPF__f
dn € 10,1} for all m, n.

FRi3 IRy REFR 9 T512AYDDIE



&g BTAAZTEA MR ST N e LTSS
—— Parsimony Mode/ (continued)

« A, MARYERFRE, BRIEFRARNEDNVPPIXFR
*ﬁ’ﬁi&f" BRF AR, L ERILPA] LAY

Minimizey, . E -

-lr—-'l"i"u"u l-\_:-;l-':l
Subject to Z A + £ij = 1 for each P;;_;' eP
Dyan €Pyy
H.". ' _ ;I N . -'.
S ey <(1—dy)- [P
P-:_fi—:'p

dmn € 10,1} for all m, n
eij € {':]'. 1}- for all Pi_j e P.

« NEEERERRN ILP_po.




&g BTAAZTEA MR ST N e LTSS
—— Parsimony Mode/ (continued)

+» RAETIAFIBA BRI HFE ( |d-standard tive data set )
N IS L e A B R B AT A A NSRS, R T

i1l domaintb A& HHEE. ATEE )

Minimizeyg . 1 E dppn + E -

.D*;-'. i IE E-:' -D"i". e 'EJ'I'll--!J
511]qu~|_"[ Lo Z dn = 1 for each P_i, =
Dy € Py

dn € 10,1} for all m,n

+ BX—EE A ILP_neg.



E B BRHAZTERA MRS VLIRS — parsimony Model (continued)
— computational complexity

» HAEE ILP ZEEiSPBEZA “Hitting Set problem”, £
NP-hard problem.

» BREEBXLCIBMZMERMREIRE, 55302k LP,
LP_pd, LP_neg

+ LP_pd 1 LP_neg MR LAZE S R A LP_neg pd.



B IAEZTEFA A ST a9 TLILAEES
— Parsimony Model (continued)

58 —4AT Ry DDI LG, ?ﬂdl] AT 22 30K T
&R B Pij @ BHEEIER

Wl'l

If Z dn = p,then p; = 1 else py; =0,

D un P

AL p ATRLR A 1 SHEE/NT 1 IEH.
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XK M42, Scale-free network)?
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W2 H RG] LA M EITRR

Tt M %%: BEEEN. BYMEFE5E M E
B R 2% R, BEEN, HEHEIM L% E
YT ZBAFREEERMNLL, ERIEENLZ,
TR A U X 4% 5

A R 21X L ) 2% o 9 K 2893 #B B & Scale-free X iy
— Lo R M.
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Scale-free™ B —Le $aF 4 i

- /M 57 (Small world)
. RE XX (Scale free)

. BRZR4F1E (Clustering); =R 4514 (Module); it
ZE 14 (Community Structure)
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A. Small World

» M—PEnTREHN, SHRZERNERHE:
maXShOFt(VwV,-) ~ |Inn
(i,§)

R Logarithemic path length.

+ local clustering coefficient (LCC) was introduced to measure if a
network is a small world network (D.J. Watts, S.Strogatz, Nature, 1998)

43



B. Scale—free network
*  —PRKBIMLE, 18p(K) A E IR B EE ), T

Bil) S

X—23N[E] n o3k, #RA Power law. y AR, X
ﬂzyJT\E@ITXJ% BMEZE (2,4) HTEEA.

2.1<y <4

A.L.Barabasi, R.Albert, Science, 1999
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— B M &s T

BN EBRBEE{EAMLZ (A.-L. Barabasi, NATURE REVIEWS
GENETICS, 2004)

Jeong H, Mason SP, Barabasi AL, Oltvai ZN (2001) Lethality and centrality in
protein networks. NATURE, 411(6833):41-4

Haiyuan Yu et al. High-Quality Binary Protein Interaction Map of the Yeast
Interactome Network, SCIENCE, 2008

Jean-Franc  ois Rual et al, Towards a proteome-scale map of the human
protein-protein interaction network, NATURE, Vol 437 |20 October 2005

Yong-Yeol Ahn et al. Link communities reveal multiscale complexity in networks,
NATURE, Volume: 466, Pages: 761-764, (05 August 2010)

Gergely Palla, Imre Derényi, lllés Farkas and Tamas Vicsek.

Uncovering the overlapping community structure of complex networks in nature
and society, NATURE, 435, 814-818(9 June 2005)

Li et al A map of the interactome network of the metazoan C. elegans.
SCIENCE. 2004, 303(5657):540-3.
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The collaboration graph of movie actors

Each of these
graphs represents a
different, and
disjoint, 10k vertex
induced subgraph fo
the IMDB graph
(specifically, the
largest connected
component of such a
graph). The IMDB
graph consists of
actors, where two
actors are connected
If they were in a
common movie. The
data is courtesy of


http://www.imdb.com/

Electrical power grid




patterns of

the scientific
publications
Networks of
science have
been created
from citation
data to visualize
the structure of
scientific activity.
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BB T : 0T WE

FERE ] 19 3 T A B E 4% (A.-L. Barabasi, NATURE
REVIEWS GENETICS, 2004)
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Human protein interaction network
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Ulrich Stelal et al. A human protein-protein interaction network: A resource
for annotating the proteome, Cell, Vol. 122, 957-968, September 23, 2005
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The network of Autonomous systems (ASs): an IP network

. Japan .

B switzerland Spain Iiglgdsgiraargm B vk unknown
B Germany Bl Netherlands B sveden B usA
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http://en.wikipedia.org/wiki/Autonomous_system_(Internet)

Power Law

+ World wide web (www) & -
102N = “| i
T, R =7 Tt 08

+ T1he collaboration graph of
movie actors:

Yoo =2.3%0.1




* Electrical power grid of the western .

' C
United States: RN
10° ’\*{.
— 4 | g
Y power 0 ¢ K
10" "
10 10

+ The citation patterns of the scientific publications:

Ié cite 3 \
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Cellular networks are scale-free
High clustering in cellular networks

Modules (motifs) are elementary units of cellular networks
NATURE REVIEWS | GENETICS  VOLUME 5 | FEBRUARY 2004 | 101

“We find that scale-free networks describe the
metabolic networks in all (43) organisms in all
three domains of life: Archae (KXEEH) |,
Bacterium (&) , Eukaryote (E#&%E4)) |,

indicating the generic nature of this structural
organization.”

Nature 407-MetabolicNet




C. Community Structure

+ BN R ERREER

Community structure)

» RELECETT

X 5B AN 28 Fh P BB
BB A RES (Filippo Radicchi et. al. PVAS,

Vol.101, No.9, 2658-2663, 2004).
> kM) > 3 RPNV

x BRI

eV 1€V

% R,

X Z5#) (Module or

555833

=

HpVETE, KETIRNE. HTE VEEROFHEERA
TgfﬁﬂﬂW%Bi&iﬂﬂ@fﬁﬁzﬂk?ﬁikmmﬁE‘Jﬁ’l\%lﬁ%iilﬁ‘]ff‘ﬂﬁ

PNAS — Proc. Natl, Acad. Sci, USA EEM=PxFETI
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Martin Rosvall, Carl T. Bergstrom, PNAS, gﬁ,ﬁ;[%ié\jg/ﬁﬂgg:
vol. 105, no.4. 1118-1123, 2007 6128)@7?/, 2{7600]?%?//%’

Fluid Mechanics

Ciouita Material Engineering

: & é; >
Operations Research R et olence T b fieoscioncag f(/ MS %ﬁ‘

Astronomy & Astrophysics

Computer Imaging %Mathematics Povier: Systems ﬁm024§

Physics

Talecommunication

TN RS
1N ZE T EF2
Ili:r';,;'g'Envianmentaf Chemi@ g@%g

‘Analytic Chemistry/|
N

Probability & Statistics

Businegss & Marketing

Economics ©e0g@phy

Sociology

Folitical Sclence Ecology & Evolution

Anthropology
Molecular & Cell Biology

Farasibology
"":::;5:__%“_ Dentistry
Medicines__
e — y Ophthalmalogy Citation flow within field
Otolaryngology ey Citation flow from B to A g
Gastroentarology r R
Urology Fathology L
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Modularity: where subsystems are physically or
functionally insulated so that failure in one module
does not spread to other parts and lead to system-
wide catastrophe.

Systems Biology: A Brief Overview
Hiroaki Kitano, Science 2002, vol. 295



A2 A W. W. Zachary, An information flow model for
/ ﬁﬂw.%zgﬁ / ; conflict and fission in small groups, Journal of

Anthropological Research 33, 452-473 1977
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Problem Definition (continued)

+ Given a network/graph N =(V, E), partition N into several
sub-networks which satisfy module conditions

+ As we said before, a popular (descriptive but not
mathematical) module definition is

The nodes in a module are densely linked but nodes in
different modules are sparsely linked

Filippo Radicchi et. al. Proc. Natl. Acad. Sci. USA (PNAS), Vol.101, No.9,
2658-2663, 2004
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+ Mathematically, let
__Ain out
d=d" +d.

then the condition for a sub-network N, =(V,, E,) being a
module is

Z diin _ Z diout S 0

eV, eV,
which is usually called a weak definition.

Filippo Radicchi et. al. Proc. Natl. Acad. Sci. USA (PNAS), Vol.101, No.9,
2658-2663, 2004
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Model/Complexity

Problem definition: Given a network, the commu-
naty identification problem is to partition the network into
as many non-overlapping subnetworks as possible such
that each subnetwork satisfies a qiven community defini-
tiomn.



Inthe following of this paper, we use the weak community definition (1) to setup a
mathematical model. For other community definitions there would be a similar frame-
work. Let n be the number of nodes in the network and 1t 18 also the maximum number
of possible communities, and L be the number of edges in the network. z;; denotes
whether the edge ¢ belongs to the k-th community, [ =1,2,...,L,k=1,2,...,n,
where e; = (v;, v;) represents the edge connecting the nodes v; and v;. Let x;; be
a binary variable indicating whether the node v; belongs to community k. Then the
relations between zy; and x;x, x ;5 can be described as:

e <xp and g <xj

which ndicate that 1f one adjacent node of an edge 1s not in community k, then this
edge definitely does not belong to the community. We use

Mrtxip—1<zy



to indicate that if both v; and v; are in community &, then the edge connecting these
two nodes must be in the community. Let y; be a binary variable denoting whether
the k-th community is empty. y; = 0 if and only if the k-th community has no nodes,
SO

Vs Zﬂfﬁk < Y-
i=1

The weak community definition condition when y; = 1 can be formulated as:

QZZIk}sz:kﬂz; ZZZEk (5)

g =]

To incorporate the case when y; = 0, we restate the inequality (5) as follows,

QZZ-’”“}ZZM‘&” 2221k‘|‘}’k (6)

=1 i=1



=TI EAS Rk LA T RIZEIEEE220H R -

2l = g
Tobe + L5 — 1 = 204

= 6
me 2 Ui (6)
st :

Z%‘k < My,

g==]

QZEM > ZZ%&:&W —ﬁzﬁm—k“yﬁe

=1 =1

i €40, 1+ ye € {0, 1}, 215 € {D:- 1}
i= 1,200, myke=1,2,0 ,my L= 1,2, , L



3 NP-completeness of the community identification problem

Let G =(V, E) be anundirected graph, and dg(v) = |{u € V|(u, v) € E}| denote the
degree of the node v in G. A graph G 18 a cubic graph if dg(v) =3 for every v € V.
Any subset of vertices § € V creates a cut of G, which is denoted by C(S, §) =
{u,v)[u e §,veV\ S The size of C(S,S) is defined as Lg(S,S) = |C(S, )|
and dg(S) =), sdav) = Lg(S, 8) + Lg(S, S) denotes the sum of degrees of
the nodes in the subset § € V. To prove the NP-completeness of the problem, we
first prove the NP-completeness of a simplest case, that 1s, partition a network nto
two subnetworks such that each subnetwork satisfies the weak community defimtion,
which we call as the qualified cut problem. The corresponding decision version of
this problem can be formulated as follows:

The Qualified Cut Problem

Instance: An undirected graph G = (V, E). i o
Question: Is there a subset § C V such that Lg (5, 5) > La(d, 5) and Lg(5, 5) >
Lg(3,5)



Then we show that any instance of the maximum cut problem for cubic graph,
which has been proved to be NP-hard (Alimonti and Kann 2000), can be transformed
into a qualified cut problem in polynomial time, and the solution of the maximum cut
problem for cubic graph exactly corresponds to that of the qualified cut problem. We
note that the qualified cut problem 1s a special case of the decision version for the
conductance problem, which has been often stated to be an NP-complete problem in
the literature (Sfma and Schaeffer 2006). Thus we can borrow some ideas from the
NP-completeness proof from Sfma and Schaeffer (2006) and Shi and Malik (2000).
The detailed NP-completeness proof of our qualified cut problem is as follows.

Maximum Cut for Cubic Graph (Max Cut-3)
Instance: A cubic graph G = (V, E) and a positive integer a.
QOuestion: Is there a cut (B, B), such that Lz (B, B) > a?

Theorem 1 The Qualified Cut Problem is NP-complete.



+ Ihere are many heuristic methods to solve this problem.

+ Among them a popular method to partition a network into
module structure is to define a measure (a quantity) for a

given partition, then optimize the measure to find a proper
partition.

+ The fist measure is called modularity. It is defined by
Newman and Girvan (Physical Review E, 2004)
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Modularity Q quantitatively evaluates a partition

+ Newman and Girvan (Physical Review E, 2004) gives a
guantitative measure Q

A M= Z“E' (zf‘aﬂ

+ where Ny, ..., Nk is a partition of N, the term under the
summation is the number of edges falling within A/ minus
the expected number in an equivalent network with edges
placed at random.
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« Step 1: Fix kK tk=1,....n), NiU.. UNc =N
compute

max Q(N,,.... Ny )

+ Step 2: Compute

max max Q(N,,...,N
kefl,...n} Nl,,,,NkQ( 1 k)

This is a NP-hard problem, then heuristic algorithms
including simulation annealing, genetic algorithm are

generally used (Newman, PVv45, 2006; Guimera, Nature, 2005).

73



Problems raised:

* Resolution Limit

+ Mis-identification
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Resolution Limit : Modularity Q fails to identify correct
module structure in some case

Left: a graph called a ring of cliques, thatis, two neiﬁring
cliques are connected by single links.
Right: when the number of cliques is larger than , the

modularity optimization gives a partition where two cliques
are combined into one community. This phenomenon is

called resolution limit.

Fortunato & Barthelemy, Proc. Natl. Acad. Sci. (2007)
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Misidentification

* Some derived communities do not satisfy the
weak community definition or other community
definition we can find.

Q partitions the network into three
o . communities (two Kn and one K5) when

n>=16 (respectively, n>=21), in which Ks is
21 \\ o a sub-graph violating all reasonable

community definition.
JA

Xiang-Sun Zhang, Rui-Sheng Wang, Yong Wang, Ji-Guang Wang, Yu-Qing Qiu, Lin Wang, and
Luonan Chen. Modularity optimization in community detection of complex networks.

Europhysics Letters, 87, 38002, 2009.




We suggested a new quantitative measure

+ Modularity Density D:

S Om T oo = - :_:I'l El-l |El'|
N = 3 (Jof 1w

Modularity density D overcomes “resolution limit”
problem in the case of the ring of L cligues

Zhenping Li, Shihua Zhang, Rui-Sheng Wang, Xiang-Sun Zhang,
Luonan Chen, Quantitative function for community detection.
Physical Review E, 77, 036109, 2008
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+ Newman F Girvan (Physical Review E, 2004) 1z 4 — 1
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k

Q(P,) = )

c=1

L(Ve,Ve)  (L(Ve,V)\?
L(V,V) (L(V,V))
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155 08YIa)RR (Resolution limit)

Fortunato and Barthélemy, PNAS, 2007
FIA XI5 MERIITEDE:

1.
N,
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o N 1€ Q)= Q(N) + ... + Q(N) &K

2. 5(1/( 1% n;kk*ﬁok*a'%jc
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%(Newman, PNAS, 2006; Guimera, Nature, 2005).
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WRiRGIF : ring of cliques

Problems, or not?

B @ @ (Kp)"
I,"I
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Modules indistingisable via
Optimization of modularity

. aimin 'Y
lg < ‘HH =/ 2L.

Fortunato & Barthelemy,
Proc. Natl. Acad. Sci. USA
104 (1), 36-41 (2007)
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Zhenping Li, Shihua Zhang, Rui-Sheng Wang, Xiang-Sun Zhang,
Luonan Chen, Quantitative function for community detection.
Physical Review E, 77, 036109, 2008
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FIG. 2.

fraction of nodes correctly classified

o2k | = D-value method
—=— GN-algorithm
—— Spectral algorithm

D 1 1 1

4 5 &

k

ot

Test of various methods on computer-generated net-

works with known community structures. It is a plot of the fraction
of nodes correctly classified with respect to k,,,. Each point 15 an
average over 100 realizations of the networks.
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EWG CBBM - The Operational Research in Computational Biology,
Bioinformatics and Medicine Working Group of EURO

The goal of EWG CBBM is to promote and to facilitate
communication links among European (and other) researchers working
in areas of operational research in computational biology,
bioinformatics and Medicine.

EWG CBBM was established with numerous founding members at a
satellite meeting of the EURO XXI 2006 Conference in Iceland, There
after EWG CBBM is organized / co-organized in numerous workshop on
Workshop on Networks in Computational Biology in Ankara, Turkey
(September 10-12, 2006).

Last year in Prague, we celebrated our first annual meeting by
organizing Workshop on OR in Computational Biology, Bioinformatics
and Medicine in Prague, Czech Republic, July 2007.
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Trends in Commercial Bioinformatics

SCAX BIOTECHNOLOGY REVIEW 13MARCH2000
RUJSS

The spectacular rise of the commercial genomics industry has created
a commercial market for bioinformatics software, hardware and
services.

By some estimates, the total market for bioinformatics tools and
services, including custom databases, could exceed $2.0 billion within
five years.

In our opinion, bioinformatics technology will become an increasingly
important competitive differentiator for public and private life science
companies going forward.

Bioinformatics is becoming a directly investible theme. By our
estimation, there are now more than 50 companies which offer
bioinformatics products and services. Most of these are private
companies, but we would not be surprised to see a number of the more
mature players go public in the next 12 months.
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Thank you!
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