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Identifying the biological and physical essence of protein-
protein network for - yeast proteome : Eigenvalue and

perturbation analysis of Laplacian matrix
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Abstract

The interaction network of protein -protein plays an important role to understand the various
biological functions of cells. Currently, the high -throughput experimental techniques (two -dimensional
gel electrophoresis, mass spectroscopy, yeast two -hybrid assay) provide us with the vast amount of data
for protein -protein interaction at the proteome scale. In order to rec ognize the role of each protein in their
network, the efficient bioinformatic al and computational analysis methods are required.

We propose a systematic and mathematical method which can analyze the protein -protein interaction
network rigorously and enable us to capture the biological and physical essence of a topological character
and stability of protein -protein network, and sensitivity of each protein along the biological pathway of
their network. We set up a Laplacian matrix of spectral graph theory bas ed on the protein -protein network
of yeast proteome, and perform an eigenvalue analysis and apply a perturbation method on a Laplacian
matrix, which result in recognizing the center of protein cluster, the identity of hub proteins around it and
their relative sensitivities. Identifying the topology of protein -protein network via a Laplacian matrix, we
can recognize the important relation between the biological pathway of yeast proteome and the formalism
of master equation. The results of our systematic and mathematical analysis agree well with the
experimental findings of yeast proteome. The biological function and meaning of each protein cluster can

be explained easily. Our rigorous analysis method is robust for understanding various kind s of networks
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whether they are biological, social, economical...

Introduction

gul gy 45ae JEHIE A
o) e FEHTITAGA, ALFH, A
A, v Y 2 R, 24F oA
% AsalA @ch @A high

[=]
experimental  techniques

l
=

e
throughput (two-

dimensional electrophoresis, mass

gel
spectrometry, yeast two-hybrid assay)E &34l
proteome scale?] THA-GA A5 2H-8o
e o dolelg 25 + Ao o™
Hos dolEeE AAZHeR B3ty I8
2RE & U2 NE2 FEE 247 fA
w4

-

L.

(bioinformatical

oz,

computational

87

analysis)7} °ld
computational
Aatx 1 715 e
o proteome scale®]
to] €19 computational &

3

proteome F A 2] topological &
o]} stability, sensitivity 5-& FAIFOZH
global systeme ©]3]ste & A|%7}F o] F]A]
om, ol  fE AEE

computational ¥4 WHEE A|7|5 1 At

1A

B AFoAE o)HT AETH YEHZ
9]  ¢dFol  tE  Laplacian matrix®}t
perturbation ¥ o] E} = A2 H2E At

ala, o3 g WHS 531 yeastol Aol &
W)kl 2] "LEZ—}% HES Ao HEAIA
Y E S 39 ZA}8}o )

[e]

EANES

o] = 7]

This work is supported by the National
Research Laboratory program of the
Ministry of Science and Technology,
Korea/ Korea Institute of Science and
Technology Evaluation and Planning.

etc

266

ATEH HmsT
Laplacian Matrix

spectral graph theory[1]°]l
A AMREE dHoe g ofi Fojx =
(graph)®] & olaslr] Hal AR&drt
Node$} edgeE 2 o] Foj =7} Foi3
o9, 94 Z nodeE#e] 9F HHE UE
HE edgeES AH&3lA adjacency matrixE
a8 3 Zt noderttt 2 7R THE nodeS
o dAFHo JsAE EHFE
Ag & Atk o o

matrix degree matrix®] 4] adjacency matrix &

Laplacian matrix+

A}

o
o=

degree

matrix & Laplacian

Wl Zto =2 Ao =d, t elementE2 Z}
nodeE2 degree® FOIXH, off-diagonal

o]

clementES T nodeE JASI= edge?t
o F nodedll g+ WH element 7t
-1 weighted ¥ oz &3drh
283 off-diagonal element F oA edge”t
1 F noderlol9] 3 E element@tS 002
stgtEch 3% 1@ node 7HF7F 403
edge N7F 390 2 x 9] g ofolr}, o] 1
B zo SFHEE ZH7HS] adjacency, degree,
a8z ¥ 1t 2ol
Foj7tk Noded 77t 40lm2 Zbzbel
matrixe 4X4 matrix’} BTk o]HF HTL
aditd oz 13 e & N I}
obd o8 9 wd aYZd= FYs}t

TC 1=

o] ri=

Laplacian matrix+=

A HEAA + don, of b YehA H
£ matrixE-2 block diagonalized matrix % Ej
7t €t



(a)
0100 1000 1 -1 0 0
jroral Jesoeo  f-1 3 -1
0100 0010 0 -1 1 0
0100 0001 0 -1 0 1
(b) "
3% 1: (a) Node 727} 403 edge/l=7}

390 T, (b) o] 2T HFHE
9] 4X4 Adjacency matrix(A), Degree matrix(D),
gz

Laplacian matrix(L)

o]2]3lt Graph Spectral MethodE £&3%F
HZ d702,3] F e Fol DA
A 7z} opmxAtsel 18 3Hclustering)ol
S&HREH 2] ol WA R Ty
9] 923 domain®|t} active sited] thdt
ARES TFah=d AMEH L ol d
582 Laplacian matrix®] eigenvectors
9o HRENYH 5 e ZEaH
(cluster)o]l gt centerE& T+ = Ut
AL EREH ZHsstA HA § Foi7

IO EZZRE Laplacian matrix® WEY,

T

.

o] matrix 23-H eigenvalue®}
T3m
I L] 3f{3 BEHEC] EFE S
. 7FE N7HQ nodeE 7FA3 MR &
gE Y= o]FolF  networko]EA
NXN Laplacian matrix® M7]2] block
o M9

eigenvaluegke] 0¢l eigenvectorEo] T3l

eigenvectorE< 7z} eigenvectord]

diagonalized matrixo]® o]
A}, Eigenvaluegtel 09) eigenvectorE-2
Ztzbe)  FEld  IYPTESL on|sid,
eigenvector§9 elementE2] e 3y
2P 2E 9 noded| Tk ko] Fojx 1 iy
Ocltt. o] Aoz M9

-

T

A=

267

% E31o Zze) Bed 2

% & gl

eigenvectorg

nodeE&

%833 hub node® &
o 29 2
3 2= MFEE nodeEd AT O
o] obd B3 FES It o] W oF
g a#ze | FEE nodeEo] 0°] ofd
t} oW eigenvectorgd HNFE
nodeZist F&eHA A, 714 7}t
& eigenvalued] #F == eigenvector
9] FENE 7F¢ 583 hub nodest 9
9] nodes°] W FRE =TItz It}
Folxd  ayzeA

eigenvalue®| 3|3 = eigenvector® top

eigenvectorg<

2

o
=

RAES

%

o] ¥ Z
eigenvector@}t ¥t} o] top eigenvectoroll
A element®9] kel 7 & ZHe] hub
node°l |FEct. 28 SFoHA A4
gteo]l & elementE2 ©] hub noded] ¥z}
o2 AZHE nodeEelth o]d Aoz F
A= q ==
eigenvector® F WA hub nodeol| w3k
ARE Eoh olgg 71& JdS ol &shd
Z networkell tisiA & 3 Heo
ot A

ik

=
T

eigenvalued]

759

2

analysis&
w2 A

eigenvalue
network? EAE
=

CEAIRE g 7 BeEly aX S &)
FEHE nodeS S U7 YIAAE Holx M
jaloF gt} o]

3l Laplacian matrix®] E4-& # 2Atzg]dA]

=3 A

A
T

Ne] eigenvectorgE-& E4

T o7 FEE =59 7179 nodedl
e AE S 253 gis] & o 283
<l o] ALH A, adjacency matrix
S TE W 945HA % nodeE Atold
#=ol oAl AL F;Q) AZ AREE 9



gy 5E a9zse shie 479
Bzr} Aot =2 o)A adjacency
WS 37 degree matrix® ATHE BAS

o] Laplacian matrix® A&tk ¥ 2

2139} AS A}23 Laplacian matrixe] il
olt},

2 £

b O3

(a)

Laplacian Matrix L’ ( D-A ) with small A value
to make one cluster in total.

1+4bA -1 A A -A -A -A
-1 2+4A -1 -A -A -A -A
-A -1 1+bA -A -A -A -A
-A A -A 2+4A -1 -A -1
A -A -A -1 2+#4A 1 -A
-A A A -A -1 2+#4A -1
A -A A -1 -A -1 2+4A

(b)
a8 2: (a) 2719 EEE aEE o]
A YEYF, (b) ol AFHE AR BAS

Laplacian matrix.

o]9} o] AR HEA3Z Laplacian matrixE
cigenvalue analysisZ 33 eigenvalue”t 0
eigenvectors dh7F e M-171¢] 0BT
A 2Ze gke]  eigenvalueZ: 71
eigenvector£0] RHEO| Xt} o
lowest eigenvalued] SEE  eigenvector]
=9 AFrd 9y 2E 2HZE L

YEQIAN 2 @z &3
node5< e 72 7HAA €tk 5 M
gz ztz+e) a2 Zuit} $T nodes ©l
=293 g 7HAA Hol o eigenvector?]
2 ke 28t ME 7t nodeE e IFEE7H

AHHUEE O

o] second

= O

L,
.

2

7hsetA €k
o]x3  Laplacian matrix®]
Esle] Foln UEYIANN Z
JHEEY nodeBS & F ASEUY Z
g EES] F4lo] HE hubnode$t T ol%
B nodeES 9ol & £ QUoh F F
ik JEAZAN 1wt %93 nodeE
THsted F85HA AHEE F A

eigenvalue

analysisE

Analogy to a Master equation

o] 21 g Laplacian matrix® EAE# 8
A A}4-5E= master equationol A= AFE-5]
olXed, & g7t AR oj" FEIH
PARS S R K =y R B 1 O S o e
la)gh 2L 2L A ALlE plA 4
e $Ag 5L P Fd, o A9
A% JPFe e reste

equation T3 o] Fo|AA A

_E_‘
=
A o master

dP/dt = -F +B

dp/dt = B =3P +P +F
dP,/dt = +P, -P ‘
dpP,/dt = +P, -P,

o] © Z7te] Alo] o)Al

dquixes Y

sttta 7HgstA Ack o] AE F o B4
shA A5
1 -1 0 O
d—g:—M-B, whereM = SN S
dt 0 -1 1 0
0 -1 0 1

o714 ME vtz <A AF g Laplacian
L% ZUsiA #d. a¥E=R

Laplacian matrixZ AH&3te] clusterE9

matrix

ENES doldlE A2 master equation
S o] 83 mENA Folet FUIM

268



o] network7} 7} AE A3 & 30|
o}

=3t master equations AHE-3F FAIEE
A el A olm &Rl A8 EAERE F
A3} Al Laplacian matrix®l] &-87}5 & Ao
th 7} n7l9 node T=E APo|ER o]F
A 2z =25 F2E7E AT, master
equationS ecigenvalue analysis® 3-S w 0%l
eigenvaluet 3+ 7i7F g Aol o

eigenvalueo| 3= = eigenvector®] element
9 & 00] ofd o™ gho] & Zlojth
A RE n-1712] 0°] obd eigenvalueE 714
eigenvectorS-2] element3t-2 00 ©T} o]

74z A7t S
B $JellA Hetl= 5984
AES WEST 9=, 020 ecigenvalue
BRELHAM Y Y7L e dY FdES
YERN T, second lowest eigenvalue™ H]|H 3
el A" YA7E BPAEHE Fold o
M =e @3E JUedle 2=rh "
52 M 2 eigenvalue: HIGEHZ 73

we) e REE 9wl g}

1

1

[e)

L

2 gk eigenvaluedt =

[e] (o]
LR

o rr Jm

<l

Ll

T
Yeast Network Matrix

Laplacian matrix& ©] &3t <
W otr|:=AtEe] UES T A
9 A] second lowest eigenvector&
o 2§ 3tste]
domain®| A} o} v] < 5
T AMeH, Z qFE=
eigenvector25-8 1 E2]2H 9 7} F8.
= AATt. ol
AW opn| :=4te]
networki¥RF oftjet & o] AAZQ WA

w9l 43AgAE $89 4 AT Aol

=ES

active

sitet}

eSS OFS 8442

cluster®l] top

%k center oFW] :m=ARS &S

2~
T

S [e]
@& HE oPHe

KR

= 5

)

269

& JAFE]T| Yeast proteome o] T E-thul
networkd| & A28} T network?] J
olshetagt Bk

T gla A5 ge

A

s
=
=0

;LE]

KR
=

oy F &

AFo A AFE-3 A2 Ito9] yeast two-hybrid
Hlo|El[4] F core dataE AFESFSITH

(http://genome.c.kanazawa-u.ac.jp/Y2H). 7]l
F 718670 @Al 754709 FEAE
7tzt) ol g deolHz dwds 7z}
nodeZ A T2EE edgeE Holo] 786x786

to rlr

adjacency matrix®} degree matrix, 18]I
Laplacian matrixg& RH& ST} Laplacian matrix
E ¢E d AZ 07} 0018 AHESIY TE
Ao Z+zhol] thal] eigenvalue analysisE
Atk A7 0 AF 132709} 0l
eigenvalue® AAT} ol 1327119+
" ZYzeHEo] EATS onlsis 4749
2 2~E|A hub proteins top eigenvectors
A5t Tk A7F 0.01%] B4 09
eigenvalue7} 170 EAst 131719 oxch
FZF AR 22 ko] eigenvalueds: AL
1, second lowest eigenvalue2] eigenvectorol] A
e #E 7HAE nodeEE IFIEY &
A 54 132709] cluster7} FaH T} o]
A¢E vAZAE hub ©HAE 747
top eigenvector® wA A T F AUAJATh
132718 28 F 13109 Fe2HE 2
AA 1NZ FAE SR Fe] SFYLHE

3

=
[*)

=

o

a7 24 ey W UvA @ s
Z A7y aud S T Je T
& Ee2"HE A3t gtk of & &9
2B A WA hublA oA WHA hube
7 & eigenvalueRH OA #Hlx &
eigenvalue®l| == eigenvector& 9]
element2%-8 F3jA=d], Z+Z} SRPI,

APG17, JSN1, TEMI, BZZ1°]|t}.



Perturbation method
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Protein name (no.) First connected proteins
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Phenotype
inviable

Protein name (no.)
SRP1 (654)

Experiment Type

Systemalic deletion
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JSN1 (461) Syslematic deletion Viable
TEM1 (586) Syslematic deletion Inviable
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