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Abstract

The availability of large-scale expression microarray data allows the inference of
underlying gene regulatory network of organisms. Various computational techniques
developed for this task often infer the circuits directly from the expression data without
taking into consideration of biological information in priori. Here, we present a
constraint-based Boolean approach that integrates biological constraints into a Boolean
algorithm to formulate a genetic circuit of Saccharomyces cerevisiae during the diauxic
shift in a glucose-limited culture from time-series expression data. This approach
includes three main steps. First, the gene expression data was discretized to either ‘0’
or ‘1’ based on three discretization methods, Max-x%Max, Mean, and Sign of log ratio. A
similarity score was used as a criterion for selecting a suitable discretization method.
Second, the discretized data was employed to determine gene relationships using a
developed constraint-based Boolean algorithm. This algorithm implemented by c”
programming considers all possibility of gene circuits and then specifically selects the
circuits that correspond with both the expression data and a set of pre-defined
biological constraints, so called “constraint-based Boolean network”. Last, the gene
regulatory network was depicted as a directed graph model describing activation and
inhibition among genes. The evaluating result from inferred network between constraint
and non-constraint-based algorithm shows that our developed algorithm can reduce

false prediction and gain 25% increase of accuracy over non-constraint-based algorithm.

Moreover, we demonstrated the validity of the technique by employing it to infer the
gene regulatory network of starch metabolism from time series expression data of
Arabidopsis thaliana taken diurnally. Inferred network showed that two transcription
factors, At4¢39780 and At2¢43010, co-regulate three enzymes in starch degradation, a
cytosolic disproportionating enzyme like protein (At2¢40840; DPE2), alpha-amylase like 3
(At1¢69830; AMY3), and a plastidic alpha-glucan phosphorylase (At3¢29320; PHSI).
There is only one transcription factor, At2¢28200, regulates transcription of five enzymes
in starch metabolism, phosphoglucomutase (At5¢51820;, PGM1) Starch synthase I
(At3¢01180; STS2) Starch branching enzyme Il (At2¢36390; SBE3) Glucan water dikinase
1 (At1¢10760; GWD1/SEX1) wag Glucanotransferase (At5¢64860; DPE1) The results show
constraint-based Boolean network shall enable the better gene regulatory network from

large-scale gene expression data which is corresponding to biological data.

Keywords: Microarray / gene regulatory network / constraint-based Boolean network
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wazmsaateveslUsiuiioWlUsAuAldiUSnanfisamesevuiunswaueddusiag  mnding
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anunsatie s iiauuluUssgndlitinneiiaietemununisuansoonvesBumes
nszuauMsTuiy 1wy nszvtumsdaasziuds Faduundmisnundnvesmyud
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Implementation of the
Constraint-based algorithm
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Evaluation of algorithm
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Reconstruction of starch gene
network

Reconstruction of gernre network
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2.2 nawssudaya (Data preprocessing)

reufinsihdeyanisuanteenvestululidy desdinawieudoyalimngay savisding
UsuammsuanseenvesBuliegluinnsgruiessumumaluledlulasessdild  ieawnsa
thinBsuifisuviolieneiluiuowioly  deyafllflumadedd 2 wuu an cONA



13

microarrays ag oligoncleotide microarray (Affymetrix GeneChips) mw?am%’auﬂaﬁ%
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Uszillumismsiusnzasldlunsudasteyanisuanseonvestiu  ielildiaderieaiugunns
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ALY (Similarity score) serinaaulaunsy (dendogram) ¥e9 raw data uag binary
values  Milanuimileuvdosnsfudiods  lnsaulaunsiiuaineinisnng  hierarchical
clustering 33M1571lAn similarity score 521319 dendogram ¥ed raw data uag binary
values gean  msazduiSmsiafigafiazldlumsuasieya  wazanusativaiaededne
muANsLanIsanvesBumemaiinyduiisonadesiudeyamsdainerunniian [13)

24  WaunlsunsuildlunnsadraeiavienisuansesnvesBunuuiitouly

(Constraint-based Boolean network)
setedriaveamaiieyduiionsaanietiemugunmsiansoenvesduiiiang

fomann wszaanandoyadies 2 sedu Ao 0 way 1 dedu uenann1sRinNTANGs
ANNEALYYeY dicretization method neunTiATEvmEwATiayduLay AsusuUsamaila
yalviannsaaiaeioinsmuaunsuaniosnvesduiiiinrmdudeutiosas anauiawaialy
Mg nsldfeulamadvinelifumsinnyishomadaydu thavaseududounazan
msvhefiianaaiidnasietunnmeneinesd  lihedenisinuvuasiiesgd
wdotnefiaituldvoly  fudu  euiTeilReianiimsildaiaeietnenisuansoonuasty
wuuilideuly 13endn Constraint-based Boolean network feawn € Fsaglddoyans
wanseonvesdulu calactose pathway vesdaddudeyalunisiamulusunsy

2.5  mnagdaunazysziiulusunsy (Model validation)

vaanmsiaulUsunsueeuinmesiieaiiaaietismugunsuansesnvesduuuudl

Jouly  Wawnsufiiautuiuindudosdinismeaouifioindssansamuedusunsuiinamniy
lagn15SHUWEUATEIEAIUANNITUARNIPBNTDEUS19BY [14] Tu calactose pathway Way
AoTneAUANNTLARIaaNvaBuTiaisTuaIn  Constraint-based Boolean network 7
Anadid wu A1AIugNAeT (accuracy) AN NLAILEN (precision) Wudu

2.6 msUszgndllusunsuileainanazAnuiiniatieatuaunisuanseanyesduly

n3zUUNMIARATIZINT (Case study for starch application)

Tutunmanasesd ssdielsunsuitWanntunldasaadetismuaumsvhauvesdu
Tunszuunsdanssiuts  evhanudilaifeafunalamsvinuveanssuiunsdansies
Wanntu  Teedeniondoyamsuansenvesulufivfuuuy  (plant  model)  tufe
Arabidopsis thaliana %a%’agamsu,amaaﬂsuaﬁué’awhuﬂizmuﬂ’ﬁ pre-processing Lag
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Buniinsuaneonedsltivdfny  (Significant  genes)  WAEMBUNLABITOINUATEUIUAIT
duareiwddegladeyadulunuideves [14] Jeyaieiunis discretization agtluasng
wserIemIuANNTYUYesdulunseuunMsduas1giulenny  Constraint-based  Boolean

network

M

Data collection ) | Data pre-processing

Significant analysis

|

Significant genes

Data discretization

|

Inferring gene network by using
Constraint-based Boolean algorithm

1%
Y

a a ¢ A = Y ¢
EU‘W 2.2 GUUG]E)Uﬂ'Wi'JLﬂi']3WLﬂ5@5U']EJﬂ’JUﬂ3Jﬂ']5LL?WN@@ﬂGU@QEJUSLUﬂig‘U'JUﬂ']iaﬂLﬂi']gVTLL{jQ
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uni 3

NAAILLIUIUIRY

3.1 Mmsiiusazsausandaya (Data collection)

mvanosialitoun 2 gn fwnsedl 3.1 Usenoude 1) deyanisuansoanuastulu
@n1ly diauxic shift ¥89 Saccharomyces cerevisiae [15, 16] ﬁ]"lﬂgm‘zljazﬂa Stanford
Microarray (http://cmgm.stanford.edu/pbrown/explore/array.txt) Lﬂuﬁayjaw@aauﬁm%
nMslaseisuuLasmstaulsunsuaaaietienisuanseanvesBusuuiideuly  (test
data) war 2) Yeyaniswanseannigleaniie diumal cycle ves Arabidopsis  [14] 210
gmsﬁa;ﬂa NASC's International Affymetrix Service (NASCArrays)
(http://affymetrix.arabidopsis.info/) 1#lu case study @wsuasuaz@nwiasetiermuny

nsuaneanvesdulunssuiunsdunsizrinls

13199 3.1 Yoyanisuanseanvesduilylunuideil

Joya AefiTin welulagly | 1wyl Database
lasasisd Yntoua

Test S. cerevisiae | cDNA 6,153 Bu Stanford Microarray Database

data microarray http://cmgm.stanford.edu/pbrown
/explore/array.txt

Case A. thalian Affymetrix 22,810 8u | NASCArrays

study GeneChips http://affymetrix.arabidopsis.info/narray
s/experimentpage.plZexperimentid=60

Toyan1suanteonvesBures test data Wudeyanisfinwinisuanseanvesdu 6,153 du
meldanniz diauxic shift fe nsiasunssurunsndindunismelosuuldeondiauly 7
%1319 (time points; T) A9 & Lansudu (0 Falug; 7)) 9.5 42lus (T,), 12 $3lus (Ty), 13
Flas (T, 15 9l (7o), 17 alus (7)) uwaz 185 #lus (7)) dadutranardnennig
LLamaaﬂﬁum§mﬁai€f%’uﬂ‘%mmﬂ§1ﬂaﬂ‘%mm fa T, =19, T, =187, T; =17.6, T, =14, T, =7.5,
Ts=0.2, wag T7=0 ¢/l Glucose

3.2 msm’%au%’aga (Data preprocessing)

feunaviteyanisuanseanvesdululdtu desliniswSeudoyalvivangan sIuvsding
JFurnsuanseanvesduliegluiinsgiudediu 1send1 normalization eaunsayiieInis

a 1 a ol = % b4 al v v [

uanseanvesBukiazdunUSsuiiguiule lnawseuteya galactose pathway Tiegluguuuy
logratio karfinTaNININIEAMveItayanIsuanteanvesduluguLuy  logratio (FUN 3.1)
A % v [ a . . . = 4 a1 a P 1
Milnsnszanedivesteayailuwuuun@ (normal distribution) avzdesilanadesgn 0 uaN
Joyanuinteyaiin1snszanedieaning 0 Iwreinisuiurvesdeyalinisnszaremvedeya
Wlnd 0 Ae lesnsinaumudanatniiiesnain dye bias AieA1sHnauA1 backeround
intensity (background correction) U84A1TLEAIDDNTOIBUDDN (gﬂﬁ 3.2) pgslsAnny awLiu


http://cmgm.stanford.edu/pbrown/explore/array.txt
http://affymetrix.arabidopsis.info/
http://cmgm.stanford.edu/pbrown/explore/array.txt
http://cmgm.stanford.edu/pbrown/explore/array.txt
http://affymetrix.arabidopsis.info/narrays/experimentpage.pl?experimentid=60
http://affymetrix.arabidopsis.info/narrays/experimentpage.pl?experimentid=60
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71 WEnMsUSUAT background eenial dellunstisianidnisnssaneduanatseantl At
Faiimsusudeya (normalization) Mels lowess LiteuSulideyaeguinsgiuieiiu fe i
Ina 0 WanusawSeuiisuteyanisuanioanvesdusenineiaiails (5Ui 3.3-3.5)

log2(R/G)
2 T T T T T T

JUN 3.1 N13n5218fI090LANTHARI0NYBIEUYBMNYINIAT (T,-T,) Tuguuuu logyratio

log2((R-Rbkg)/(G-Gbkg))

]
12 []

“t3 L

-4
—_—t5
— 16
— {7

SUR 3.2 MINTERNEMIveIlalanIsuAnIean eduvemndiet  (T,-7,)  Msuns
normalization A28 background correction a3



Background correction (before normalization)
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After normalization

IR Plot
T, —"

log2(Ratio)

IR Plot

log2(Ratio)

log2(Ratio)

log2(Ratio)

sk ; ]
45 5 55 ] 6.5 T4 75 6 B.5 7 75 8 85 9
log10{Intensity) log10(Intensity)
T IR Plot IR Plot
2r 4
15F

log2(Ratio)

log2{Ratio)

4 45 5 55 6 B5 7
log10(Intensity)

55 6 65 7 75 8 85 9
log10(Intensity)

IR Plot

log2(Ratio)

IR Plot

log2(Ratio)

log10(Intensity)

L
4 45 5 55 B B5 7 75

L
56 6 65 7 75 8 85 9
log10(Intensity)

U 3.3 Wiguiigu IR plot (14 Bioinformatics Toolbox Y81 MATLAB) ¥4tayan1suandaen
YoguwsinzYIIan (7,-T,) luguiuu logyratio 91HU background correction Wag MHIUNT

normalization »2835 lowess


http://www.mathworks.com/help/toolbox/bioinfo/

Background correction (before normalization)

After normalization

IR Plot IR Plot
T - - - - - - - - T T T T T T T
5 N N |
2+ 4
& +
15 q
1 g ]
o 05 E -
£ iS
| 2C - &
o o
g g
- 05 X ’é;‘ 1 -
o, $dp S Ten P
£l Fedry ,g’,’&QL.‘;a,,. ,,,,,,,,,
. N L
51 * L LA LT ol
o bt
2t + . 4
L L 1 L L 1 s L L
5 55 B B5 7 75 8 85 9
log10(Intensity)
IR Plot
Ts | T ]
-
6 S ™
5L . ctassst SN 4 @
s oo W00, 0% 00t
: 2% 3
1+~
",
g 0F—— e
® T
T &
Db S -
= RPIY, VY s
o S92
ol SF T T
338 A Oe
saet et N
> T, SO S
3k Soeh 1
2
R R
s Fow 4
1 1 L L 1 Y L 1 L

L
45 5 55 6 65 77
log10(Intensity)

5 8 85 9

55 B B5 7 75 8 85 9

IR Plat

log2{Ratio)

4 45 5 55 6B B5 7
log10(Intensity)

log2(Ratio)

5 55 6 B5 7 75 8 85 9
log10{Intensity)

JUN 3.4 Wiguiiieu IR plot (14 Bioinformatics Toolbox 81 MATLAB) ¥a¢tayan1suandaen
YoguusarYdIIan (T5-T,) luguhuu logyratio K1 background correction uag?iH1UN1g
normalization A838 (owess


http://www.mathworks.com/help/toolbox/bioinfo/
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Mormalized data using lowess method
{after background correction)
25 1 T 1 T T T 1 L]
il
t2
2F t3 4
t4
e 1<
15 o
it
1r .
05k —
0 . .
-5 -4 -3 3 4

UM 35 NInseangiivesteyanisuanieantasdurearemndinial  (T,-T,)  ANung

normalization »835 lowess

drudoya Affymetrix GeneChips \Judeyanisuanioanveduresiiy Arabidopsis n1elé
anmenansiulaznatsiy Shavae 11 $1a0a (time points; 7) A9 & nasusulugasna (0
Falug; T)) 1 4lua (7)), 2 99lus (73), 4 4lua (T), 8 alus (T,), 12 Falus (T,) 13 Falus (7)),
14 F3las (7y), 16 $2laa (T,) 20 Halue (Ty,) waw 24 Halua (7;,) laehanan T, - Ts Ao
FRIAMNANAU T, — T Fi0 Fraana19iu dau 7, Wutanandeuiutiaim T, wisudeya
ﬂﬂiLLamaaﬂ%m@umﬁ%’mm R [http://www.r-projectorg/] T Bioconductor
[http://www.bioconductor.org] [17, 18] laswssudayanisuaneanvesdulviegluguuuy
logsintensity wazvnduiiinisuanseenagreiifed faydelusunsy EDGE [19] 105U 1.1.175
[http://faculty.washington.edu/jstorey/edge/] AeuthlUimsgrainaasenenIununs
LARI9DNUDITY

3.3 wasrnsuanseenvasdunaznsuszilivisnisitldlunisudasdeyanisuansesn
Ya9gu (Data Discretization)

Yoyafiiiuns Normalization udazthsnudasamsuansoondudy 2 sz (binary
values) A9 0 uag 1 ezm‘wmamlmummamaaﬂsumau uaziinIuaneenvetEy mmdAy e
azmﬂmams:}m'ﬁwwmﬂLmuﬂuuauslusuumaumalﬂ Fupouti3ond “discretization” Tunuide
Tuaulamsieszinisuanieanvesduiiientestu alactose pathway lngidenteanizngy
Sufiiedeaiu calactose pathway (1157391 3.2) ﬁﬁﬁayjaﬁuaqmimuquLﬂ%ﬁdwmmamaaﬂ
vosBu [15] widseviioly inszagldannsnussiiussaninmaesnuideilld doyans
LanseeNvBINGLTUAINE FegUTl 3.6


http://www.r-project.org/
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[y

P15971 3.2 BUlABIU9AU galactose pathway 7lgluauided [15]

Gene name  Protein Enzyme Function

GAL2 calZp permease Transports galactose into the cell
GAL1 gallp Galactokinase Conversion of intracellular galactose
GAL7 gal7p Uridylyltransferase  Conversion of intracellular galactose
GAL10 gallOp Epimerase Conversion of intracellular galactose
GAL4 galdp Regulatory gene Promotes transcription of GAL genes
GAL80 eal80p Regulatory gene Binds g¢al4p and inhibits its activity

(absent of galactose)
GAL3 gal3p Regulatory gene Associate with ¢al80p to release its
repression of galdp

2

T 15 -
= ——GAL3
% 1 ——GALS
7 s —a—GALIl
o ——GALSO
=¥
z 0 —t=GALS3
[ ]
= e (GAL?2
AN

——GAL7

1.5
Time point

JUN 3.6 NMsuanseeNTaINgNEuTAEITeeiU galactose pathway Tumniaian (7,-T,) fiku

A15 normalization A835 (owess

Bildlunsuvasinisuansesnvesdulindu 0 wde 1 (discretization method) Tu
mAdeine
- Mean fo ﬂ"]Laﬁamaqmmamaaﬂmmﬁu%amﬂ**]ﬁu"mnm 5’1@ifm'ﬁLLamaaﬂﬁuaa§uﬁuq
AN Mean Aflawvindu 1 dvdeenindawwingu 0
- Maxx%Max lng Max Ae FnsuanseenvesBuusdayduiifiinunniigavesyngdaanan
(time points), x Ae 10, 20, 30, .., 90 fFNsuARTEBNYBsBUTUY Simunnnin Max-
x%Max AflAinAU 1 drdeenindaindu 0
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- Sign of logyratio fia gAMsLERBRNYRIBUliAURsnINAUdaElvinAY 0 e
wnnaud aelmvindu 1

ALUININTINITAITUNITNTULURIAINTHANI98NVDBUNANETT fatiy F9TNITIATIZS

= aaa A A o o ] a A
LW@‘V]'TJﬁ'VlLWNW%'&NW@WWUWNWI“ULLﬂaﬁﬂqﬂqﬁLLaQQ@@ﬂ"UaﬂauwN’]Uﬂqi

normalization

(raw

data) unduteya binary values (0 vie 1) newdilUlnswissluiemailaydu doyanud

H1UN1S normalization (raw data) Wagdeya binary values Yesdufiigivasiu galactose

pathway 1agld38M15 Mean Maxx%Max @z Sign of logratio WaAIfanIs1afl 3.3-3.6

ANUAINU

1349 3.3 YeUANISandIeanveIBuilievesiu galactose pathway ANIUNTEUIUNTT

normalization a2

Ik T2 [E T4 Ts Ts 7
GAL3 -0.49411 -0.21759| -0.13606| -0.26882| -0.23447| 0.4957 1.18269
GAL4 -0.20091| -0.1047 | -0.25154| -0.41504| -0.55639| -0.73697| -0.76121
GAL11 -0.1047| -0.1047 -0.074 | -0.35845| -0.39593| -0.64386( -0.8365
GAL80 | -0.25154] 0.41143| 0.53605| -0.18442| -0.35845| 0.40054( -0.39593
GAL83 0.32193( 0.08406| 0.47508| 0.05658| 0.20163| -0.16812( -0.18442
GAL1 0.15056| 0.11103| 0.28688| 0.11103| -0.02915( 0.47508| -0.23447
GALZ2 0.05658( 0.11103| 0.21412| 0.55582| 0.60407| 1.43296| 0.83996
GAL7 -1.25154] -0.66658| -0.074 | -0.53533| -0.78588( 0.34483| 0.57531
GALI10 | -0.55639| -0.39593| 0.66903| -0.13606| -0.76121| 0.64155( 0.78241

N34Tt 3.4 %’aga Binary values yosduTiieadestiu galactose pathway A28735 Mean

T B IE T4 Ts Ts 17
GAL3 0 0 0 0 0 1 1
GAL4 1 1 1 1 0 0 0
GAL11 1 1 1 1 0 0 0
GAL80 0 1 1 0 0 1 0
GAL83 1 0 1 0 1 0 0
GAL1 1 0 1 0 0 1 0
GALZ2 0 0 0 1 1 1 1
GAL7 0 0 1 0 0 1 1
GAL10 0 0 1 0 0 1 1
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p13199 3.5 %’a:ﬂa Binary values 9838UAE183AU galactose pathway A2875 Max-x%Max

T T2 [E T4 s Ts 7
GAL3 0 0 0 0 0 1 1
GAL4 0 0 0 0 0 0 0
GAL11 0 0 0 0 0 0 0
GALS80 0 1 1 0 0 1 0
GALS3 1 1 1 1 1 0 0
GAL1 1 1 1 1 0 1 0
GALZ 1 1 1 1 1 1 1
GALY 0 0 0 0 0 1 1
GAL10 0 0 1 0 0 1 1

M1524% 3.6 Yoy Binary values veguiliietteanu galactose pathway #9875 Sign of

log,ratio

T T2 IE T4 Ts Ts 7
GAL3 0 0 0 0 0 1 1
GAL4 0 0 0 0 0 0 0
GAL11 0 0 0 0 0 0 0
GAL80 0 1 1 0 0 1 0
GAL83 1 0 1 0 1 0 0
GAL1 0 0 1 0 0 1 0
GALZ2 0 0 0 0 1 1 1
GAL7 0 0 0 0 0 1 1
GAL10 0 0 1 0 0 1 1

iielsilsiaTetnenisauaumsuansesnvestuiiaenadosiudeyaluvios foAnisun

‘1'71%3@ nATelEmsTeuiieusmanumiiey (Similarity score) veunulauns (dendogram)
vosmsdanguarniniiouveanguiuidenuiluyadons raw data waziaulaunsuvestoya
binary values 2Mflasuliouvsonnsiuiiedls Inen1sasianulannsunieds  hierarchical
clustering Tnedeulusunsuiiemuinm similarity score Tu MATLAB [27A%u3n 1] Feeq
msm%amﬁaummmﬁauﬁuaqmuimLmimaa%’auaﬁqaauwu Inedlauufgiudn discretization
method wawmsmﬂaaumuammﬂu bmary values LLa’mﬂ,WUauamaawmuﬂmaﬂumam
similarity score guan  azduimsiuanzaniigadmivulasmnsuansoonvesdy Lo
:1miflwmammmﬂamwumaﬂm (Constraint-based Boolean network) —ns1zlviAn
aonadosiunIduaie (raw data) wnilgn Fograaulaunsawes raw data wag binary
profiles uamalugud 3.7
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(n) ()

08

061

04+

01k 02t
L 0

8 9 1 4 7 2 3 5 6 2 3 5 4 3 1 8 9

JUN 3.7 mswIsuifiguanumilouiuseninaaulaunsuvesdeya (n) raw data/reference
v . . e vas 1 = I3 =l
uay (v) Yaya binary profiles Nl435 Mean wuUasAnisuanseenvesdunu 0 v3e 1

NNV 3.7 duiavinuasweaulaunsuusiazUiie Bu Medhatu 3U 3.70 e
Wisuidiougiuludoya raw data wuidu 2 wez Bu 3 fenalndidssiusnndign e
Jeusaiugfuddug  Avzgnimeglunguifendudey uadladnngusielunnamdnnisves
hierarchical clustering loléinulaunsuves raw data frzthund3suiisuiunulaunsuves
binary values fiwvaslae discretization method #i1a (ugy 3.7 43803 mean) (U 3.77)
g similarity score LagINASIUSBUTIBUAT similarity score WUT1 Max-60%Max talvien
similarity score guan fen319l 3.7 uaggudl 3.8 fedu Faudends Max-60%Max Liteluuvas
Joyan1suantoonvesBulu binary values faunsaiieAIodIBAIUANNTLARIDRNTRIEY

Py a a oA A o 1 '
mewadaydusuuiteuly @Wwund) dely

P15 3.7 Wisuiu  Similarity  score  199n15iUSBUMIBUAULALATUUD

reference/reference fiu reference -binary profiles 7l#a1n discretization methods 119 3 38

Comparing dendogram Similarity score | Normalized similarity score
Reference/reference 2.6167 1
Reference/Mean 1.3333 0.51
Reference/Sig of Log,Ratio 0.8333 0.32
Reference/Max-609%Max 1.5833 0.61
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Similarity score for Max-x% Max discretization
method

1.8

[\
» PV
/
N\

1:2 ﬂ\ / \
1
\
S — 7 —

04
0.2

Similarity score

10 20 30 40 30 60 70 380 90

X threshold

JUN 3.8 Similarity score ¥aeMsiUTeUWEUALIALNTUYEY raw data/reference iU binary
values 711791035115 Max-x%Max 1o x = 10, 20, 30,..., 90

3.4 Wawlusunsuinlglunisadraaiadnanisuanseanvasdunuuiitoulay
(Constraint-based Boolean network)
= A a v Aa v =~
nssAnwiATetngnisuanseanvedulagld Boolean network #n1sulastoyaiiies 2
J¥AU Ao 0 waz 1 yihlnlmasedneaiuaunsuanteanveduiinududou Weenls false
positive 1110 Aty FuimulusunsuieasapsetIsnuANNMILanIeanvety tnsliiuleuly
MM (biological constraint) UUNUFIUIDIMANATT genetic  circuit  wazdoyanIg
o URANS  ieanANRanaInkazANtUtauvasAsotIeiasewy  alalinsiiinteuly
A a ' ! a L. v A @
maBInenIneulellianunsaruaulusiiuniuau (transcription factors) lo iieilunisan
v Y av Jgu ++ [y .
AMNTUTOUVDY network as Tusuddeil Ton1w C Tunswmun Constraint-based Boolean
network IngldUaya galactose pathway [15] AiNUTUABY 3.3 TuABUNTTTINUVBILUTUATUT
W ULaRagun 3.9-3.10 dulanansy C++ dmsuasne gene regulatory network %8s
ﬂzjmﬁuﬁauhﬁ’m%% Constraint-based Boolean network [917A8139A 2]
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Input data : discretized value of expression data

Input k (number of parent node)

tf (transcription factors)

Infer_network

Infer_network
if tf=0
infer_network no_tf
v A\ 4
else
Infer network no_tf Infer _network with tf infer_network no_tf
infer_network_with_tf
\4
Infer_network_helper Infer_network_helper
Input data = Boolean function
Output data = Prediction of activation inhibition
y
\ 2 Network:3
Save _network Save_network 11x ==
Output: all combination > 10x == 1

Of parent with target T— 0lx ==

Ve 00x ==
. aix == ?

Save predict Save_predict
Output: regulation matrix ol @2 &3

— gl x i -

7 g2 a x -

""""""""""""""" L g3 a i x

Final output

JUN 3.9 Tumsunsimuilusinsunisaiaeseisnisuanteanvesduluuiiiouly
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Input data

i Input data

e:'::_'n If a set of nodes (v1, v2, ... , vk) 7’_:::,.5

—__can control node vi _—

~— v

return Boolean function (:;:_':' If a set of tf nodes (v1,v2, ..., vn)h_::}
(v1,v2, ..., vk) control vi “~can control node vi (target)—
Infer function - -H'Hl"//
Y
Print predicted function and return Boolean function
network (v1, v2, ..., vn) control target node
Infer_function
for target gene
¥

output data T T~

<:.:T:_':_/I% a set of tf nodes (v1,v2, ..., vn)m__:_'_’;::»
~——can control node vi (tf) —

return Boolean function
(v1,v2, ..., vn) control tf node

Infer_function
for tf
L4
Print predicted function and
network
output data
Non-constraint-based Boolean Network Constraint-based Boolean network

(classical Boolean network) [1]

'g‘d‘ﬁ 3.10 Wsuwisu Non-constraint-based Boolean Network (classical Boolean network)

ke Constraint-based Boolean network
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3y 3.9 WUsunsuagsuetaua binary values H1une command line lnensisentd
TUsunsumead

>./boolean.out 158

>./boolean.out <k-value> <tf-value> <input> <output>

0 <k-value> <tfvalue> <input> <output> HWumsTwesgaT R muA &
S1UaTDYARIL

" kvalue fin FWIUBUNUIAIVAL (parent genes) MVUANINGR AB 5

" tfvalue fe TUsAumuau (Transcription factors: TF) @sdndudesdudoulams
a a LY 1 & v o d' ¥ o o:/ A
Y7 ndegalnlavoyanw1snd 3.8 arimun TF = 2 dufie gl uag g2 a1unn
AIUAN g3 Wi g3 TansamuAu gl uay g2 TuNTAsINATEVIIAIVANNITHARIDDN

= = & e v =) 13 1 A 1
Yosduenall TF visekifAle winladl TF lUsunsufagasnaunseingniuaun1shantasn
= M Yo = = a a Ny Y ! P | o

vosdulagldlamdstedoulame@iinendldadnly - wimndnisld T Tunisadis
LATOUNBAIUANNITLANIDBNVBITUME TUsuNIUAziin1siatsand euleillialsaiuny
nsuanteenvas TF 18 Ay usunsuazlifinsanilanduyduvesoulinide TF
U

" input fie Felndteya binary values (csv) firpealndtoyaninisnn 3.8 lngdn TF 13

% 13 i3 & o gj [ 5% a Ly 1 =%

column U9 udIuedeeulesl dedu vnliddeya & TF 2 67 wu gl uay g2 Adeq
dn ¢l Vimadutiusn uwalmumie g2 Nneduvans drumedutaduduly Ao Lol
Tsunsuagddnluliid TF egaswiumisaadudlaainnisimuadiuau TF Talusunsy

" output fie  Felwdwanlaainnisiiasizinay Constraint-based Boolean network
(csv) mpgralnananlaaInn1simsIesnle Constraint-based Boolean network 9
P3N 3.9 laeund fie Buviselusiiumiuau (parent genes) d@wumadutl fa Bu
Wmwne  (target genes) “i” Ao inhibition Juanuduiusszninsgduwuudugs
(inhibition) @ “a” fie activation WuaruduiusseninpduLuunszdy “- Ao Tl

@A

ANUENTUSTEINNEEU lnenideildnnisiiansannisaiunudusiiiedsen Jaiee “x”

o
% =

Tuna 1ndregglumsn 3.9 azviuieuled ¢3 gndudinedu gl waznszauiied
g2 sanuiliiduyduresmuduiusiiie g3 = ¢2 AND NOT ¢l Fwailsazuanaiy
ATeUIEAIUANNISHARIBaNYRIBUMElUTINTN Cytoscape [20]

NNNSLUTIUNEUTUNBUNITYINIULUSWNSY  Non-constraint-based  Boolean  Network
(classical Boolean network) [1] waz Constraint-based Boolean network PWUNT ULl
ATl Lanedisguit 3.10
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P3N 3.8 fregliadeya binary values  (csv) #ldiAsIgviang  Constraint-based

Boolean network

gl g2 g3
0 1 1
0 0 0
1 0 0
1 1 1
0 1 0
0 0 0

A1519% 3.9 feg1alwdna (csv) 3NN15IATIEIIene Constraint-based Boolean network

gl g2 g3
gl X i
g2 a X
g3 a i

3.5 nsnagdaunazuszdiulusunsy (Model validation)

‘Vié’amﬂmsﬁwuﬂﬂmﬂsmamﬂaL@@%Lﬁ'aa?mLﬂ%@szhamuqumﬁLLamaaﬂsuaaﬁuLLwﬁ
Fouluudy Tsunsudiiauntuiusidugestinsmegouiiie Taussansnnweslusunsy
Constraint-based Boolean network #iwmuay il insUszliumnugnAedveLAIaY
AIUANNISHAndeanvesBuly calactose pathway ﬁa%fw%ué’aa%’aga binary values 3109035
ADI5 Mean Max-x%Max Wag Sign of log,ratio Lﬁamaauamagmﬁgﬂﬁ’h discretization
method #il#An similarity score 83N sIUSsUTiBUMUlAULNSUYEY binary values Wiguiu
raw data qqﬁqm%lﬂu'ﬁ%ﬁmmzamﬁqmiumm%ﬁawﬁaszhsmmmmmmaaﬂéuaqﬁuﬁaEJ
wadayau %’a;&aﬁlé’fmﬂiﬂiLmimﬁﬁwmﬁumﬂmm ™ fu maiildanlusunsuazananse
SUUFULUUNSAIUANAUYRIEUT auw‘j\‘lm@J’ﬁﬂﬂDUﬂﬂJLL“U‘UmiLLﬁ@ﬂ@@ﬂ%@ﬂgugmLUUET‘UEj’jﬂ
(i; inhibition) 38Kk UUNIEAU (a; activation) @ x AB lajﬁmiﬂizéju/é’uéu'qﬁ’u'sw'm@jﬁuﬁ?uq
vhoanazinalATeTEmIUANNTUAReaNTBsBUTiai 1991 Constraint-based  Boolean
network firudunou discretization  FaeFEmsine  wuUSeudisuiuaotismuauns
LAnIeNBITUSNIBY (reference network) wandlumisnedl 3.10 FadudeyanisviesUfiinns
‘vi'%aLﬁu%’a;ﬂaﬁﬁmsﬂdnﬁwmdau TneUseiiuuseansnimvedlusunsy  Constraint-based
Boolean network fefseda [21] fal
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1. False positive rate (FPR) fio Adnsidaunsilusunsuminneindanuduiusiuyesg
Buriefianuaialad donnuduiusvaanBuillifily reference network fiuanildan
FP/(TN+FP)

2. False negative rate (FNR) e adasiarunisfiiusunsuvhuneinldfinnuduiusi
vasgBuiigniesaien deluaruduiusvosgduiianunsovhungléomun duanildan
FN/(TP+FN)

3. False discovery rate (FDR) #e sasnd@unisilusunsushuwieRanain 910
Aruduitusionuavhungld dunaldann FPATP+FP)

4. MANURNEBY  (accuracy) Al Aegndeseadlutinsy  Awanlaann
(TP+TN)/TP+TN+TP+FN)

5. Auuaugn (precision) fie A1AUkiug1vedlUsnsuluNsasuAIeYIBAIuANNIS
wanteenvesBy  Awinldaingliuuanuduiuseednts  regulation  fie
TR/ATR+FR+FI)

6. AU (specificity) fio AAMuT N IZAaTeINseauduRLSluaToveT
Liflagase Auaildannguuuuanuduiusueans regulation fie TZ/(TZ+FR)

7. ala (sensitivity) fAe é’m@humaqﬂﬁv‘fmwmmé’uﬁuﬁ‘ﬁﬁagﬁa Tunsviunense
#319LAT0UNAIUANNITHANIDBNTYDIEY AIlAINFULUUANEUTUEURINTT
regulation A® TR/(TR+FZ+FI)

TngfunanAnsinnaansesnulunaia positive 39 negative A il
" True Positive (TP) #e Asiilusunsaninnedndunsauauuuy (; inhibition) #3o
ns¥AU (a; activation) wazdeAAdeINy reference network dunuuiuds G
inhibition) ¥38n3eAU (a; activation) wWulAgIiu
" True Negative (TN) e Asfiluswnsuviunedldfiamuduiussuseninadunaslu
reference network AlufiaauduiusseninBuuieniu
" False Positive (FP) fio dsfilusunsulianansaviuneeuduiudssninegduls
Ao ldflanuduniusiuvesgdu wilu reference network dmnuduiiugseninagdu
Antulsasdumsiudmtensedu
" False Negative (FN) Ao AslUsunsuviuneindmiudusiusseninegBuind
Anuduiusiuseniegdu udlu Tu reference network laiimnuduiusseninagdu
thu vide ArwduiusyesgBuuandeanlu reference network iy TUsunsusiung
Penuduiusiluniansesu usilu reference network Sauduiugseninaasuiu
wuududs vdelusunsuvhuehaudiiudifuiousuds udlu reference network
fiauduiusseninsgdulunisnszeu
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sULUUANdNTUSUeINs  regulation  lweSevnglagfinnsangluuuanuduiusidu
activation %38 inhibition laganuswUsn s InAHaaNSU8InS regulation TuiAsedelaidy

True regulation (TR) Ao lUswnsuviuieidunisaauauuuy G; inhibition) w3e
ns¥AU (a; activation) wazdeAAdeIiyU reference network ndunuuiuds G
inhibition) ¥38n5¥AU (a; activation) wWuLAgIiu

True zero (T2) fio WWswnswyiunedtlaianuduiusiuseningdy aennqeaiuly
reference network lsifiaruduidszriagduiuruioady

False regulation (FR) Ao TUsunsuviunedrdianuduiusiuseninegdu lddnneiy
activation %130 inhibition uglsifiaauduiusihilu reference network

False zero (F2) Tsunsuviwednlifiauduiusiusenineggu wilu reference
network fiauduiusiuwuy activation

False interaction (FI) TUsunsuvinungdnanuduiusiuseninegduuy  inhibition
wsilu reference network danuduiusidunuy activation

navessianadnsoenunlunata positive 3o negative UBNUATEYIBAIUANNTT

WANIDBNYBITUMIY Constraint-based Boolean network lagldis Max-x%Max Mean way

Sign of logyratio faMNTIN 3.11-3.13 MINANU  LATOUILAIUANNITHANIDBNVBIEUAIY

1Usunsu Constraint-based Boolean network Imaﬁ%’aﬂga binary values 3711914 3 35115 WaAS
AaguN 3.11 uaznansUssiiuUsEAnSamvedlusunsy Constraint-based Boolean network
lumsasidiuasanenlununsiantoanaiduly galactose pathway wandlugy 3.12

A137471 3.10 Reference network 184 galactose pathway [16]

Target genes

Regulator genes

GAL GAL GAL

3 GAL80 GAL1 5 GAL7 GAL10
GAL3 X a - - . B B}
GAL4 - X i - - - -
GAL80 [ a X - - - -
GAL1 a a i X - - -
GALZ2 a a i - X - _
GAL7 a a i - - X i,

GAL10 a a i - ; ; y
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»1329% 3.11 AaNd positive LAz negative prediction v89n15UszlUUIZANSANYOILUTINTY
lunsasamsetiemiuaunsianisanvesiiuly salactose pathway 31n35n15 Max-x%Max

GAL3 GAL4 GAL80 GALI GALZ GALY GAL10
GAL3 TN FN TN TN TN TN TN
GAL4 FP TN TP TN TN TN N
GALS80 FN FN TN TN TN TN TN
GAL1 FN FN FN TN TN TN TN
GALZ2 FN FN FN TN TN TN N
GAL7 TP TP FN TN TN N N
GAL10 FN FN FN TN TN TN N

P132991 3.12 AaTd positive Laz negative prediction v99n15UsElUUIEANS A MYOlUTIATH
lunsasamsetiemiuaunisianisanvesduly salactose pathway 31n35M15 Mean

GAL3 GAL4 GAL80 GAL1 GALZ GAL7 GAL10

GAL3 TN TP FP TN TN TN TN
GAL4 TN TN FN TN TN TN TN
GALS80 FN FN TN TN TN TN TN
GAL1 FN FN FN TN TN TN N
GALZ FN FN FN TN TN TN N
GALY FN FN FN TN TN TN TN
GAL10 FN FN FN TN TN TN TN

P13 3.13 AaNE positive WAy negative prediction wasn1sUTEIuUITANSA T WBIlUTIATY
lunisasamsetiemuaunisianieanvesdiuly  galactose pathway 2Wn738M15 Sign  of

log,ratio
GAL3 GAL4 GAL80 GAL1 GAL2 GAL7 GAL10
GAL3 TN FN TN TN TN TN TN
GAL4 FP TN TP TN TN TN TN
GAL80 FN FN ™ TN ™ N N
GALI FN FN FN TN TN TN TN
GAL2 FN TP FN TN TN TN TN
GAL7 FN FN FN TN ™ N N

GAL10 FN FN FN TN TN TN TN
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ﬁ]’mgﬂ‘ﬁ 312 9udiulgdn discretization method filven similarity score V89019
Wisuifisuinulauunsawea binary values Wisuiu raw data gafign tufe Max-60%Max lail%
Fimnzauianlunsairanietismuaunisuaniesnvesdusemaiaydu  msgliannsa
ahaedernemunumItanseenvesfuly  galactose pathway 7igniesusiugniign usindu
WumslAE Mean wlasAnisuanieanvestusdu 0 wie 1 duanunsadielinsadaniedis
¢t Constraint-based Boolean network l#gndasusiuginiisnisdu wenani oaes
WisuiflsudseavBamueansiaietismuaunisuanioenveduiiainsanlusunsy
Constraint-based Boolean network ﬁﬁwmsﬁuw%mﬁwﬁu Non-Constraint-based
Boolean network (classical Boolean algorithm) [1] I@amﬂﬁsﬁaga binary values 21139
mean wuinsifindeulenmnsdaivetlu Constraint-based Boolean network a131saLfiainIn
9ndies (accuracy) lnganauiianann (FDR) veensviugas famsnedl 3.14 P TRLAIRTIT
AMALLIUEN (precision) ANSWIE (specificity) wiianaulveslusunsu (sensitivity) Tunns
A519A30UEAIVANNITUAAIBDNYBIEUTDY  Non-Constraint-based ~ Boolean  network
(classical Boolean algorithm) [1] wag Constraint-based Boolean network aglaluanareiud
ma fMgUR 3.13 wazgUuuuanudiiusuesns regulation TeuA3EYIBAILUANNSLANIDDN
2998UA28 Mean Non-Constraint-based Boolean network (classical Boolean algorithm) [1]
Az Constraint-based Boolean network wandfsnIs19ft 3.15-3.16

]
©
®

H
&

I8 (oma) ————
oo
oM

(n) ()

®
Oty

-0

{ (GAL3

(A)
UN 311 AsevigmuANnsuanteanvesdumelusunsy  Constraint-based  Boolean

network ﬁas%’a;ﬂa binary values 9103515 Max-x%Max  (¥) Sign of logratio way ()

Mean
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0.9 4
0.8 -
0.7 4
0.6 1
0.5 4
0.4 -
0.3 4
0.2 1

m Max

m Mean

= Sign

Accuracy FNR FPR FDR

JUN 3.12 navesnsusziliuuseansnmyedusunsu Constraint-based Boolean network lu
N3AT1ATBYIIAIVANNITLANIBBNTBITUMIETS Mean Max-x%Max Uag Sign of log,ratio

AN 3.14  N1SSEUWEUUTEANEAIMUBINTTIATEYIEAIUALNISLARIRENTDITUNET199N
1Usunsu Constraint-based Boolean network tag Classical Boolean algorithm [1]

Non-Constraint Constraint-based
Accuracy 0.57 0.71
FNR 0.75 0.81
FPR 0.27 0.03
FDR 0.69 0.25

13991 3.15 JUWUUANNENTUEYeINTS regulation 91nNMsUsHEUUSEAVEAMYRdlUTUNTY
Constraint-based ~ Boolean  network  lumsasiup3eviemuaANNIsuanseanvessuly
galactose pathway 91138113 Mean

GAL3 GAL4 GALS80 GAL1 GALZ2 GAL7 GAL10
GAL3 TZ FZ TZ TZ TZ TZ TZ
GAL4 FR TZ TR TZ Tz P4 P4
GALS80 FZ FZ TZ TZ TZ TZ TZ
GAL1 FZ FZ FZ TZ TZ TZ TZ
GALZ FZ FZ FZ TZ Tz P4 P4
GAL7 TR Fl FZ TZ Tz P4 P4

GAL10 Fz FZ FZ TZ TZ TZ TZ
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13971 3.16 JUWUUANNENTUSYEINTS regulation 91nNTSUsHEUYTEAVEAMvRdlUTUATY
Classical Boolean algorithm [1] lunisasaesetiemiuaunisianieanvesduly calactose
pathway 91135115 Mean

GAL3 GAL4 GAL80 GAL1 GALZ GALY GAL10

GAL3 FR Fl TZ TZ FR FR TZ
GAL4 FR TZ TR FR FR FR FR
GAL80 Fz Fz TZ 7 TZ TZ TZ
GAL1 FZ Fz FZ TZ TZ TZ TZ
GALZ FZ Fz FZ TZ TZ TZ TZ
GAL7 TR Fl Fz 7 FR TZ TZ
GAL10 Fz FZ Fz 7 TZ TZ TZ

1 -
0.9 -
0.8 A
0.7 -
0.6 -
05 - B Non-Constraint
04 - m Constraint
0.3 -
0.2 A
0.1 -

0 T . .

Sensitivity Specificity Precision

PN = ~ a a A A A v
E‘U‘VI 3.13 ﬂ’]iLUiEJUL‘VIEJUUi%ﬁ‘VIﬁﬂ’]W“U@\‘iﬂ’ﬁLﬂi’e]“U']EJﬂ'J‘UﬂiJﬂ'ﬁLLﬁ@ﬂ@@ﬂ‘UENEJUVIﬁiNQ’m
TUswnsy Constraint-based Boolean network #iimunduiUsesuLisunu  Non-Constraint-

based Boolean network (classical Boolean algorithm) [1]

3.6 msUszgnalilusunsuiieasrauas@nwesevnenugunisuansesnvasiuly
AsTUAUNITAUATIZLD (case study)

Tutuntsvnaesil awiie1 Constraint-based Boolean network fisfantusnldasng
isetnemuaumMsieresdulunsruumsdaanyiuts  evhanuthlafeiunalams
yhawesnsruaumsdneseiutannty  nelideyanisuanseenvosiulufieduuuy  thufe
Arabidopsis thaliana anelanmznisidssuun diumal cycle tuie meldanmznsdsuuy
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nanefu-nansAu (1212 $alue)  wdansuduneuns pre-process [17, 18] denten R
[http://www.r-project.org/] lu Bioconductor [http://www.bioconductor.org] Tun13danns
foua Inenioudeyanisuansesnvesduliiegluguiuy log,intensity wazsniudisinsuansesn
pgnslitvdAgaeluIunTy EDGE [19] st 1.1.175
[http://faculty.washington.edu/jstorey/edge/] n§aantid ﬁuﬁaﬂﬂdm@uﬁmﬂwﬁL@ULaul%ﬁﬁ
Rendostunmsdunsziuds (Starch genes) Tnedsds [14] waglusiuauay (Transcription
factors; TF) uazBuileadesnisnan (clock genes) a¥aLAZetsAmUANNITUARtBNTBS
gulunszurunsduaseiuds wuin 8 Starch genes 21 84 [77AKUIA A1] way TF wag clock
genes 33 113 Bu [n7asuan A2 fuiu nauduiisiluaiasdedismuaunisuanieantes
Busng Constraint-based Boolean network ﬁ‘ﬁwm 134 8u Imﬂi’ﬁ’f@yja binary values et
21735113 Sign of Log,Ratio (AN similarity score q9an) LLaﬂﬂug‘U‘ﬁ 3.14

P3eTnEmUANNSLANIRNYBIBuTeINTTUIUNIALATILsluRY Arabidopsis Mia¥h
“?Tu Usznaunie 112 nodes wag 234 directed edges 1ng nodes wansdisdu wag directed
edges o JULUUANNENTUSTEMIBUTlFATUSINTY Constraint-based Boolean network
Faduldauuunszdunieduds Tnsaruduiusuuunsedunanaduduiuns vioduduanaiu
Guiinu Tnewedetnefladadutsznaude starch genes $1uau 16 Bu EwBouwusonyu
#\Ty7) transcription factors (TF) 97uu 91 8u (1nauddy) uag clock genes 971U 5 Bu
(Wnaudmdes) Wefiansauedetiages (sub-network) 5eing starch genes wag TF wudn 1
2 1A39918E0Y é’fﬂgﬂ‘ﬁ' 3.13 Tnewdetnausniduanuduiusveaeulyiieadasiunisaans
uwily (starch degradation) 3 toulesl Ae A cytosolic disproportionating enzyme like protein
(At2¢40840; DPE2) Alpha-amyla like 3 (At1¢69830; AMY3) waz A plastidic alpha-glucan
phosphorylase (At3¢29320; PHS1) Taeiie 3 eulediiioatestu 2 Tshiumuay (TF) fie
Atde39780 wag At2¢43010 %aLﬁuIUsﬁumU@uﬁﬁ AP2 domain

du sub-network fiaeudunnuduiusveseule 5 toulwsl Ao phosphoglucomutase
(At5¢51820; PGM1) Starch synthase Il (At3¢01180; STS2) Starch branching enzyme Il
(At2¢36390;, SBE3) Glucan water dikinase 1 (At1¢10760; GWDI1/SEX1) W@y
Glucanotransferase (At5¢64860; DPE1) Tnesis 5 Laulﬁzjﬁﬁl,ﬁ'm%’aaﬁuiﬂiauﬂ’m@m 1 61 Ag
At2628200 which has zinc-finger domain Iag PGMI STS2 wazieules! SBE3 1Huoulwid
Aedeatunsadutls (Starch biosynthesis) Tasanie amylopectin PGMI Hueulesiii
Waey alpha-D-glucose-6-phosphate TUiu alpha-D-glucose-1-phosphate Wowdewdu
ADP-glucose malunaatoulesl ADP-glucose pyrophosphorylase (AGPase) wdsntiu Starch
synthase Il (STSI) azsiaiion ADP-slucose Wuansenidensiloniuszedindani-1-4 (1->4)-
alpha-D-glucosyl) d@uauley SBE3 vxdueulediiadeieeiuse afindan-16  (1->6)-
alpha-D-glucosyl) Tuwnusdi GWD1/SEXT way DPEI Wueulusitddunseuiunisaaisuti
iowdewdu maltose wddndeeanuen cytosol agslsfinu uwiiezausoadaaietie
AIUANNITUAAIBBNYBY starch genes WAz transcription factors 1o wsiveyanina1iduios
figailuosfiRmstieulesivaniifsaos  wiegnauaumsuanseands  transcription
factors waniin3ell


http://www.r-project.org/

PRR7

i3
| I

|
I

LHY

CO® 66000

JUN 3.14 (n) wsengnivaunisianteanvasdulunseuiunsduassiutedeUsenauimediu starch genes 31w 16 8u @wdenvunilonyudiden)
transcription factors (TF) 912U 91 8u (1nanddu) wag clock genes 91U 5 81 (Mnaudvae) W@udIRY As AMUFUTUSWUUEUES (inhibition) L&y
duns Ao AUALTUSLUUNTEAW JNauEUULTY A sub-network 89 starch-TF network () Sub-network 984 starch-TF gene network
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dyuuaziauaue

4.1 syunan1saLiiuY

nszvIuNsieAntuluAdEiedy Sstuuumsnusumsininuvienmuansenves
fudueietis vieiFond1 inTetnemuaunIuanieanyesdu (genetic network) #einng
fianiEnsine Wannsnthafeseideyalilasenss Seanuideilldmeeniaulusunsy
fitheaandetiemugunsianseenvesdusemaiayduandeyalulasesisd  Tasmsiia
foulynsT7inen  Bendn  Constraint-based Boolean network — wieufunSAAITAN
anuddnreanaiianieismsililunisulastoyanisuanieenvesdulviegluasssziu Ao 0
v3e 1 FaflewFouflou Constraint-based Boolean network uag Non-Constraint-based
Boolean network Wud1 mafindeulumedivendu  annsnanemududoureeietne
PusuNsuansoonvasBuiiainiuld  Tasmsannnufenaiafiinan  false  positive
prediction as vhlsiiaugniesuasisiusiuni lsannsadfiunugniestu 25%

uana1nil Constraint-based Boolean network ﬁﬁﬁumﬁﬁuﬁ?uéjﬁaﬁmiaﬁﬂﬂﬂizqﬂﬁﬂﬁfﬁj
asuasevignIuAuNIswanteanvasdulunszuIunsasaudsluiiy A thaliana 16 lagaiunse
yunglusiueuay  (transcription  factors)  Aendastuteulusflunszuiunisadhautets
NIZUIUNTANATIZILTS (starch biosynthesis) wagnszuiunsaateutls (starch degradation)
wud1 WUshumuay 2 fa e Atdg39780 and At2¢43010 Aetostu eulsfluniszuiuns
aanautl tude A cytosolic disproportionating enzyme like protein (At2¢40840; DPE2)
Alpha-amylase like 3 (At1¢69830; AMY3) uag A plastidic alpha-glucan phosphorylase
(At329320; PHSI) waziilUsiuniuny 1 f1 Ain At2¢28200 fiderdostuieulasl 5 1 fe Ao
phosphoglucomutase (At5¢51820;, PGM1) Starch synthase Il (At3¢01180; STS2) Starch
branching enzyme Il (At2¢36390; SBE3)  Glucan water dikinase 1 (At1¢10760,
GWD1/SEX1) wag Glucanotransferase (At5¢64860; DPE1) umpenalsfiniy Sﬁa;ﬂammﬁé’aéfaq
finsfigauneiosfifims  efuduilstumuauaifanumisdesdonuauioules
ANNAT?

4.2 YDLAUDLUY

NEAATEVIAIVANNITUEAAIBDNYBIEUMEY Constraint-based Boolean network €4
lifuszuudnlei®  Jeonadianugsondudouluaianietns  mstinsuuuslusunsils
s ATt ismuANNsLAnteanvesEuLuUSITLIRL vonand mssetdunafiudon
g1 nslddeuleiitieulediliasmununisuanseenuedusiiunueiu - enaliiase
ey wszlupnuiluasseulviuisinaunsalinsmugunisuansesnveslusiuaiunuls
Tneamzegnabsluseiundanisulaswalusiu (post-translation)
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function [leaf set, intern set] = find leaf set(data,dist,method)

% Usage: [leaf set, intern_set] = find_leaf set(data,'correlation’,'average’)

Y = pdist(data,dist);
Z = linkage(Y,method);
leaf amt = size(data,1);
leaf set = cell(leaf amt-1,1);
intern_set = cell(leaf amt-1,1);
for i=1:leaf_amt-1
if (2(,1) > leaf amt)
leaf set[2] = union(leaf set[2],leaf set{Z(i,1)-leaf amt});
intern_set{i} = union(intern_set{i},Z(i,1)-leaf amt);
intern_set{i} = union(intern_set{i},intern_set{Z(i,1)-leaf_amt})
else
leaf set{i} = union(leaf set{i},Z(i,1));
end
if (Z(i,2) > leaf amt)
leaf set{i} = union(leaf set{i},leaf set{Z(i,2)-leaf amt});
intern_set{i} = union(intern_set{i},Z(i,2)-leaf _amt);
intern_set{i} = union(intern_set{i},intern_set{Z(i,2)-leaf_amt});
else
leaf set{i} = union(leaf set{i},Z(i,2));
end

end

function [SB, SB_self] = cal BScore(leaf set ref,leaf set,intern set)

% Usage: [SB, SB_self] = cal BScore(leaf set ref,leaf set,intern set)

SB = zeros(length(leaf set),1);
SB self = zeros(length(leaf set),1);



for i=1:length(leaf set)
for j=1:length(leaf set ref);
disp([[' num2str(i) ', num2str(j) '10);
if (isempty(setdiff(leaf set ref{j}leaf set{i})) &&
isempty(setdiff(leaf set{i},leaf set ref{j}))

disp('yes");
SB self(i) = 1/length(leaf set{i});

end

if isempty(intern_set{i}) ==
bset = intern_set{i};
SB(i) = sum(SB_self(bset));
end
end

end
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lanaAsU C++ d1m3uasne gene regulatory network vasnguduiaulane s Constraint-

based Boolean network

//

#include <algorithm>
#include <iostream>
#include <iomanip>
#include <fstream>
#include <string>
#include <vector>

#include <map>

#include "../flx/aleutl.hpp”
#include "../fx/iosutl.hpp"
#include "../fx/strutl.hpp"

//
#define IS_TF( i, tfbeg, tfend ) (i >= tfbeg && i <= tfend )
#define LINE_PREDICT NETWORK 5

#define LINE_INFER _CASE 1

//

enum regulation

{
type none = 0,
type gene = 1,
type join = 2,
type up = 4,
type_down = 8,
type actv = 16,
type inhb = 32,
type _nspc = 64,



//

struct expression

{
std:vector< int > expr; // gene expression
std::string name; // ¢ene name

I3

typedef std::vector< expression > profile;

typedef std::vector< int > pattern;

typedef std:map< pattern, int > inferer;

typedef std::pair< inferer, pattern > predict; // [ inferer, conclusion |

typedef std::vector< predict > network;

//

char regulate to char( int val )
{
return (val == type none ? -':
(val == type gene ? 'X':

(val == type_join ? 'V':

L
(val == type up ?'1":
(val == type down 7 '0":
(val == type actv? 'a":
(val == type inhb 2i":-")))))));
}
//

bool load_profile( std:istream & istr,
profile & prof )
{
if( false == istr.good( ) )

return false;

// Parse header

while( false == istr.eof( ) )



46

std::string line;
if( false == std::getline( istr, line ) )

continue;

std::string trim = flx:str_trim( line );
ift"™ == trim )

continue;

std::vector< std::string > names = flx:str_split( trim, "," );

prof.resize( names.size( ) );

for('size ti=0;i< names.size( ) ; ++i)

prof[ i ].name = names[ i ];

break;
}

// Parse expression
while( false == istr.eof( ) )
{
std::string line;
if( false == std::getline( istr, line ) )

continue;

std::string trim = flx:str_trim( line );
if( " ==trim)

continue;

// Split each value in current line

std::vector< std:string > temp = flx:str_split( trim, ", );

// Fill each gene expression value
for(size ti=0;i<temp.size(); ++i)
proff i l.expr.push_back( flx:val cast< int >(temp[i]) > 0 ? type up : type down
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return true;

}

//

bool save profile( std::ostream & ostr,
const profile & prof )
{
if( false == ostr.good( ) )

return false;

size_t size_prof = prof.size( );
if( 0 == size_prof)

return false;

size t size_expr = profl 0 J.expr.size();
if( 0 == size_expr )

return false;

// Print header name
for( size ti=0;i<size prof; ++i)
{
ostr << profl i .name;
for( size tj=0;]j<size expr; ++j)

ostr << ", " << regulate_to_char( prof[ i l.expr[j 1)
ostr << std:end|;

}

return true;

void save pattern( const pattern & p,
std::ostream & ostr )
{
pattern::const_iterator
beg = p.begin(),
end = p.end();



for( beg; beg != end; ++beg )

ostr << regulate to char( *beg ),

void save_inferer( const inferer & f,
std::ostream & ostr )
{
inferer::const_iterator
beg = f.begin(),
end = f.end();

for( beg; beg != end; ++beg )

{
save pattern( beg->first, ostr );
ostr<< " =="

<< regulate_to char( beg->second )

<< std:endl;

void save_network( const network & n,
std::ostream & ostr )
{
for( size ti=0;i< n.size( ), ++i)
{
ostr << "Network: " << (i + 1) << std::endl;
save_inferer( n[ i ]first, ostr );
save pattern( n[ i ].second, ostr )
ostr << " == 7" << std::endl << std::end|;
}
}

void save_predict( const network & n,
std::ostream & ostr )
{
ostr << "Result:" << std::endl << std:endl << "

for( size ti=0;i< n.size(), ++i)

48



"o,

ostr << "V" << std:left << stdisetw( 2 ) << (i +1) << " "

ostr << std:endl;

for( size ti=0;i< n.size(); ++i)
{
pattern:const _iterator
beg = n[ i ].second.begin(),

end = n[il.second.end( );

ostr << "g" << std:left << stdusetw( 2 ) << (i+1)<<" "
for( beg; beg != end; ++beg )
ostr << std:left << std:setw( 4 ) << regulate_to char( *beg );
ostr << std::endl;
}

// -

bool infer_function( const profile & p,
const pattern & v,
inferer & )
{

f.clear();

size_t size_prof = p.size( );
if( 0 == size_prof)

return false;

size_t size_expr = p[ 0 J.expr.size( );
if( 0 == size_expr)

return false;

pattern t; t.resize( size_prof, (int)type none );
for(size ti=0;i<size expr-1; ++i)
{

int pval = type _none;

for( size tj=0;]j < size prof; ++j)
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{
if( type gene ==Vv[j1])
{
pval = pljlexpr[i+ 1]
tlj ] = type_gene;
}
else

if( type join ==Vv[j])

{
thjl=mpljlexprlil;
}
else
{
tlj ] = type none;
}
}

if(fL t ] == type none)
{
flt]=pval
}
else
if(flt]!=pval)
{
f.clear();
return false;

}

return true;

}

//

void infer_network_helper( const profile & p,
const pattern & v,
const inferer & f,

pattern & conc)



{

inferer::const_iterator
beg = f.begin(),
end = f.end();

size_t size_prof = p.size();
for( beg; beg |= end; ++beg )
{
const pattern & pat = beg->first;

int res = beg->second;

for('size ti=0;i< size prof, ++i )
{
ift v[ 1] == type_gene)
concli] = type gene;
else
if( pat[i] == type up)
{

if( conc[i ] == type _none )

concli] =res == type_up ? type actv

else

if( conc[i ] == type_actv )

concli] =res == type_up ? type actv

else

if( conc[i] == type inhb )

concli] =res == type_up ? type actv

else
if( pat[ i ] == type down)
{

if( conc[i ] == type _none )

concli] =res == type_up ? type_inhb

else

if( conc[i ] == type_actv )

conc[i] =res == type_up ? type nspc

: type_inhb;

sconclil;

cconcli];

sconclil;

:concli];
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//

void infer_network with_starch( profile & p,

network & n,
size t Kk,
size t tf)

{

size_t size_prof = p.size();

k=k>tf?2tf: k;
for( size tr = tf, r < size prof; ++r)
{
for( flx::combinator comb( tf, k );
comb.valid( ); comb.next( ) )
{
pattern v;

v.resize( size_prof, (int)type none ),

v[r] =type gene;
for(size ti=0;i<k; ++i)

v[ comb[i]] = type_join;

inferer f;
if( true == infer_function( p, v, f))
{

pattern & conc = n[ r ].second;

inferer & memo = n[ r ]first;

infer_network_helper( p, v, f, conc);

memo.insert( f.begin( ), f.end() );

//
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void infer_network no_starch( profile & p,

network & n,
size t Kk,
size t tf)

{

size_t size_prof = p.size();

k=k+1>tf?2tf:k+1;
for( flx::combinator comb( tf, k );
comb.valid( ); comb.next( ) )
{
for(size tr=0;r<k; ++r)
{
pattern v;

v.resize( size_prof, (int)type none );

v[ comb[r]] = type gene;
for(size ti=1;i<Kk;++i)

vl comb[ (i+7r)%k]]=type join;

inferer f;
if( true == infer_function( p, v, f))
{

pattern & conc = n[ comb[ r ] ].second;

inferer & memo = n[ combl r ] 1first;

infer_network_helper( p, v, f, conc);
memo.insert( f.begin( ), f.end() );
}
}
}
}

//

bool infer_network( profile & p,

network & n,



size t Kk,
size t tf)
{

n.clear( );

size_t size_expr = p[ 0 l.expr.size( ),
if(t 0 == size_expr)

return false;

size_t size_prof = p.size( ),
if( 0 == size_prof )

return false;

n.resize( size_prof );
for('size ti=0;i< size prof, ++i )

n[ i ].second.resize( size_prof, (intitype none );

ifttf ==0)
{
// no tf, do all combinations
infer_network no_starch( p, n, k, size_prof );
}
else
{
infer_network_with_starch( p, n, k, tf);
infer_network no_starch( p, n, k, tf);

}

return true;

}
//
int proc( int argc, char ** argv )
{
iftargc!=5)
{

std::cerr << argv[ 0 ]

<< " <k-value> <tf-value> <input> <output>"
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<< std:zendl;

return -1;

}

size tk=-1,
if( false == flx:val cast< size t >(argv[ 1], k) )
{
std:cerr << "Error: Invalid k-value ("
<<argv[ 1]
<< )

<< std:endl;

return -1;

}

size ttf=-1,
if( false == flx:val cast< size t >(argv[ 2], tf ) )
{
std::cerr << "Error: Invalid tf-value ("
<<arev[ 2]
<< ")

<< std:endl;

return -1;

}

std:ifstream input( argv[ 3 1);
if( false == input.is_open())
{
std::cerr << "Error: Open file "
<<argv[ 3]
<< " failed 1"

<< std:endl;

return -1;

}
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std::ofstream output( arev[ 4 1);
if( false == output.is_open() )
{
std::cerr << "Error: Create file "
<<arev[ 4]
<< " failed "

<< std:endl;

return -1;

}

profile p;
if( false == load_profile( input, p ) )
{
std::cout << "Error: Load profile failed III"
<< stdzendl;

return -1;

}

network n;
if( false == infer_network( p, n, k, tf))
{

std::cout << "Error: Infer network failed !"

<< std::endl;

return -1;
}
save_network( n, output );
save_predict( n, output );

return 0;

int main( int argc, char ** argv )
{

return proc( argc, argv )
}
//
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Al: Starch genes

No. ID Gene Name Enzyme

1 At5¢51820 | PGM1 Phosphoglucomutase

2 At5¢24300 | STS1 Starch synthase |

3 At3¢01180 | STS2 Starch synthase |l

4 Atdg18240 | STS4 Starch synthase IV

5 At1¢32900 | GBS1 Granule-bound starch synthase

6 At2¢36390 | SBE3 Starch branching enzyme i

7 At2¢39930 | ISAl Starch debranching enzyme: Isoamylase |
8 At1¢03310 | ISA2/DBE1 Starch debranching enzyme: Isoamylase |I
9 Atdg09020 | ISA3 Starch debranching enzyme: Isoamylase |Il
10 At1¢10760 | GWD1/SEX1 | Glucan water dikinase 1

11 At5¢26570 | GWD3 Glucan water dikinase-like 3

12 At5¢64860 | DPE1 Glucanotransferase

13 At2¢40840 | DPE2 Trasglucosidase

14 At3¢29320 | PHS1 Glucan phosphorylase (plastidial)

15 At3¢d6970 | PHS2 Glucan phosphorylase (cytosolic)

16 At1g76130 | AMY2 O-Amylase2

17 At1¢69830 | AMY3 O-Amylase3

18 |At4g17090 | BAM3/BMY8 | B-Amylase3

19 |At2g32290 | BAM6 B-Amylase6

20 |At5g18670 | BAM9/BMY3 | B-Amylase9

21 At5¢11720 | AGL4 Ol-Glucosidase-like 4
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A2: Transcription factors and clock genes

No. Gene ID family name
1 At1g01060 MYB-related
2 At1g01520 MYB-related
3 At1¢02340 bHLH
a4 At1g04250 AUX-LAA
5 At1g04990 C3H
6 At1¢05690 TAZ
7 At1¢05805 bHLH
8 At1¢07050 C2C2-CO-like
9 At1g07520 GRAS
10 At1¢10200 LIM
11 At1g14510 Alfin
12 At1g17460 MYB-related
13 At1¢18570 MYB
14 At1¢19700 HB
15 At1¢20693 HMG
16 At1¢20696 HMG
17 At1g22070 bZIP
18 At1¢22190 AP2-EREBP
19 At1¢25580 NAC
20 At1g26790 C2C2-Dof
21 At1g28050 C2C2-CO-like
22 At1g29160 C2C2-Dof
23 At1g¢33240 Trihelix
24 At1¢35560 TCP
25 Atled7270 TLP
26 At1¢49560 GARP-G2-like
27 At1¢50420 GRAS
28 At1g¢51700 C2C2-Dof
29 At1¢51950 AUX-IAA
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No. Gene ID family name
30 At1¢53320 TLP

31 At1g56170 CCAAT-HAP5
32 At1g¢58110 bZIP

33 At1¢69570 C2C2-Dof

34 At1g70000 MYB-related
35 Atlg73870 C2C2-CO-like
36 At1g76590 PLATZ

37 Atlg77850 ARF

38 At2¢02070 C2H2

39 At2¢18280 TLP

40 At2g20570 GARP-G2-like
41 At2¢22430 HB

42 At2¢28200 C2H2

43 At2¢28550 AP2-EREBP
44 At2¢31070 TCP

45 At2g¢34720 CCAAT-HAP2
a6 At2¢35940 HB

ay At2¢39900 LIM

48 At2¢40140 C3H

49 At2¢42400 VOZ

50 At2¢43010 BHLH

51 At2¢46830 MYB-related
52 At2g47680 C3H

53 At2¢47890 C2C2-CO-like
54 At3¢02380 C2C2-CO-like
55 At3¢02830 C3H

56 At3¢06160 ABI3-VP1

57 At3¢07650 C2C2-CO-like
58 At3g09600 MYB-related
59 At3¢10030 Trihelix

60 At3¢17609 bZIP

61 At3¢21175 ZIM
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No. Gene ID family name
62 At3g¢28910 MYB

63 At3¢47500 C2C2-Dof

64 At3¢50700 C2H2

65 At3¢55770 LIM

66 At3¢58680 MBF1

67 At3¢59060 BHLH

68 At3¢61150 HB

69 At3¢61890 HB

70 Atdg00050 BHLH

71 Atdgl6750 AP2-EREBP
72 Atdgl16780 HB

73 Atdg17490 AP2-EREBP
74 Atdg18390 TCP

75 Atdg25480 AP2-EREBP
76 Atdg28610 GARP-G2-like
7 Atdg31420 C2H2

78 Atdg32280 AUX-IAA

79 Atdg34610 HB

80 Atdg36730 bZIP

81 Atdg39410 WRKY

82 Atdg39780 AP2-EREBP
83 At5¢02810 C2C2-CO-like
84 At5¢02840 MYB-related
85 At5¢05090 GARP-G2-like
86 At5¢06770 C3H

87 At5¢06960 bZIP

88 At5¢07690 MYB

89 At5¢08520 MYB

90 At5¢12840 CCAAT-HAP2
91 At5¢15850 C2C2-CO-like
92 At5¢17300 MYB-related
93 At5¢18680 TLP
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No. Gene ID family name
94 At5¢24470 C2C2-CO-like
95 At5¢37020 ARF

96 At5¢37260 MYB-related
97 At5¢38140 CCAAT-HAP5
98 At5¢39760 ZF-HD

99 At5¢44190 GARP-G2-like
100 At5¢46710 PLATZ

101 At5¢48250 C2C2-CO-like
102 At5¢51980 C3H

103 At5¢56860 C2C2-GATA
104 At5¢57660 C2C2-CO-like
105 At5¢60100 C2C2-CO-like
106 At5¢60850 C2C2-Dof
107 At5¢61380 C2C2-CO-like
108 At5¢62430 C2C2-Dof
109 At5¢63420 Trihelix

110 At5¢65310 HB

111 At5¢65670 AUX-IAA

112 At5¢67030 FHA

113 At5¢67480 TAZ
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Abstract. Reconstruction of a genetic network, which describes gene regulation
of cellular response processes, has been widely studied by using various ap-
proaches. Some of which are computational expensive and require enormous
efforts. Herein, we proposed an extended constraint-based Boolean to infer ge-
netic network. Our method incorporated the specific constraints for a particular
system in addition to the general conceptual constraints of a typical genetic
circuit, to improve the performance of the existing constraint-based Boolean al-
gorithm. This method was demonstrated in inference of the genetic network un-
derlying circadian rhythms from microarray time series data. The results
showed that the proposed method provides good accuracy, specificity, and pre-
cision under the trade-off of computational efforts. Moreover, the resulting
network showed that prior knowledge is a useful bias for modeling genetic net-
work. The proposed method is therefore a promising alternative approach for
inferring genetic network from high-throughput data, such as microarray.

Keywords: Genetic network, extended constraint-based Boolean, conceptual
constraints, specific constraints.

1 Introduaction !

Relationship between gene in a genetic network is important information in under-
standing the cellular response processes, which involve the regulation of gene expres-
sion [1]. The regulation of gene expression lies on a huge number of components that
comprise a genetic network, multiple levels of regulation as well as the elaborated
interaction between levels [2]. Though the number of network constituents is a barrier
“of network reconstruction, the (differential) expression of such components is often
employed in network inference. This strategy becomes more and more popular once
the measurement of thousands of gene components (or whole genome) can simultane-
ously be performed with the aid of microarray techniques.

J.H. Chan, Y.-S. Ong, and S.-B. Cho (Eds.): CSBio 2010, CCIS 115, pp. 71-82, 2010.
© Springer-Verlag Berlin Heidelberg 2010
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In the last decade, availability of high-throughput technologies, allowing the levels
of transcripts to be measured for the whole genome at the same time, enables scien-
tists to understand cellular system by reconstructing genetic network [3, 4]. Various
computational approaches have been developed on the purpose of genetic network
reconstruction, such as Boolean network [5-7], graphical Gaussian model [8], and
Bayesian network [7, 9]. Among these approaches Boolean network and Bayesian
network methods are mostly used in the context of reconstructing genetic network
from microarray data [10]. These two approaches have distinct advantages and disad-
vantages. Bayesian network provides a more accurate result yet with a huge require-
ment of prior data and computational efforts in an iterative learning algorithm, while
Boolean network is the simpler method to reconstruct genetic network. Under the
trade-off of computational effort, Boolean network is considerably a competitive
method to Bayesian network.

Boolean network was originally introduced by Kauffman [5,11]. Later,
Shmulevich and Zhang used Boolean network to infer genetic network of cell cycle
regulation based on gene expressior. data [12]. In Boolean network, gene expression
is simply considered as binary values, ON or OFF, and the regulation between genes
is set by Boolean function. Boolean network was then extended to be Probabilistic
Boolean network [13). This model consists of a family of Boolean networks that
combine more than one transition Boolean functions. Inferred network which com-
poses of a set of Boolean functions is selected by using the highest score based on
probability. In 2007, Martin and colleagues [6] used Boolean dynamics to infer ge-
netic regulatory network. Possible Boolean networks were generated from microarray
time series data. The genetic network was then inferred from selection of possible
Boolean networks by using steady-state dynamics. However, the result from Boolean
network often includes a number of false positive, resulting in a complex inferred
network. To resolve such a problem of Boolean network, recently, our group pro-
posed a constraint-based Boolean network to formulate genetic network by taking
prior knowledge into account [14]. The prior knowledge in this work, called the con-
ceptual constraints, i.e., enzymatic coding genes do not control and regulate regula-
tory genes, were included in the filtering process before generating Boolean functions.
The result showed the achievement of this model to reduce the complexity of the
inferred genetic network by eliminating a certain false prediction.

One of the most studied genetic networks is circadian clock system (i.e. a genetic
circuit generates about 24h rhythm or circadian rhythm) because it is an impoitant
system controlling many biological processes in a wide range of organisms, including
plants. Circadian clock in plants has mostly been studied in Arabidopsis thaliana [15,
16] in which a certain network components and regulations are revealed. The core
circadian clock composes of multiple interlocked feedback loops such as interlock
with the timing of cab expression 1 (TOCI)/CIRCADIAN AND CLOCK
ASSOCIATED!1 (CCAIYLATE ELONGATED HYPOCOTYL (LHY) loop and
(Pseudo-response regulator; PRR5/PRR7/PRR9)/CCA1/LHY loop. Experimental results
show that CCAI and LHY are partially redundant genes which are negative regulators
of TOCI [15]. CCAI and LHY are also positive regulators of two TOC/ relatives,
PRR7, and PRR9 [16], while TOC! acts as a positive regulator of CCAI and LHY.
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The circadian clock network has been used for computational method demonstra-
tion in various works [7, 14, 17], mainly due to the appropriate size of the network
and (microarray) data availability (http://www.ncbi.nlm.nih.gov/geo/). Needham and
colleagues [7] inferred a relationship between circadian-clock genes from an initial set
of key genes and iteratively learned to increase network members around genes. A
circadian clock was also used as a seed for inferring genetic network by finding co-
regulation patterns between gene pairs in circadian clock [8]. The genetic network of
Arabidopsis genome was performed by using an iterative random sampling strategy.

In this work, we extended the previous constraint-based Boolean analysis [14] to
acquire a more accurate network inference by focusing on the filtering process. The
specific biological constraints derived from prior knowledge of a particular system
under study were introduced to the Boolean network in addition to the conceptual
constraints. The algorithm takes a set of genes in a standard input format that is easy
in the data preparation process. The extended method was demonstrated in inference
of a genetic network underlying circadian rhythms in A. thaliana using microarray
time series data. Finally, the inferred circadian network was validated with literature
[15, 16, 18] and the performance of the extended algorithm was evaluated. The ge-
netic network inferred from our algorithm was compared with that of the constraint-
based Boolean approach. The results showed that our algorithm, which considers
both conceptual and specific constraints, can increase the accuracy, specificity, and
precision of the inferred network. Also the degree of complexity of the inferred net-
work is substantially reduced, resulting more understandable results. The proposed
method is therefore a promising alternative approach for inferring larger-scale genetic
network from high-throughput microarray time-series data.

2 Methods for Reconstructing Constraint-Based Boolean Network
of Circadian Rhythms

The overview of methodology is shown in Fig. 1A. Briefly, expression data was pre-
processed before discretization. The binary values from discretization step are the
inputs for the extended constraint-based Boolean program to generate Boolean func-

. tions and types of regulating genes, i.e., activation and inhibition. The output from

the constraint-based Boolean program is Boolean relationship which can be visualized
by Cytoscape [19].

2.1 Microarray Data and Data Pre-Processing

Gene expression time series datasets from the Affymetrix microarray under diurnal
changes of Arabidopsis leaves were downloaded from NCBI database (http:/www
.ncbi.nlm.nih.gov, experiment reference number is GSE8365) [20). Arabidopsis were
grown in light/dark cycles for 7 days and then transferred to constant light. After 24
hours in constant light, 12 samples were harvested at four hours intervals over the
next 44 hours for RNA extraction and hybridization on Affymetrix microarrays. The
expression data were preprocessed using a package of Bioconductor [21, 22].
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Fig. 1. Overall methodology for genetic network reconstruction by using (A) our constraint-
based Boolean algorithm where th2 extension to the previous method is described in (B)

2.2 Data Discretization

The continuous expression lcvel of gene was discretized into two levels, either ‘0" or
‘1, based on the concept of Boolean analysis that, herein, represents the strength of
expression, or state, of gene at particular time. In other words, the expression level of
gene was converted into either ‘0’ for weak expression or ‘1’ for strong expression. In
this work, we used the maximum value of expression level as the simple criteria for
discritization that the expression level of gene greater than the determined percentage
of the maximum value was discretized into ‘1°, ‘O’ otherwise. The discretized value,
s;. , for gene i at time ¢ is defined as Equation (1).

~ {1 if x;, > Max(G;) - r-Max(G;) 0
it =

0 others,

where x;, is the expression level of gene i at time f, G; is the set of all expression
levels of gene i over the time series, and r is the percentage of the maximum value of
expression level of gene i. Here, the expression level greater than 30% of the highest
value was converted to 1, i.e. » = 0.3. The data matrix of discretized values of all
gene expression, i.e. § = [s;, ], is called matrix of binary values. It was then passed to
extended constraint-based Boolean algorithm to generate Boolean functions
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representing the regulatory relationship that is necessary for the construction of the
Boolean network.

2.3 Constraint-Based Boolean Network Inference

Our method, called the extended constraint-based Boolean algorithm was adapted and
implemented based on the previous published works [6, 14]. The algorithm consists
of two modules, core and extension modules (Fig. 1B). The core module slightly
adapted from the algorithm in Martin et al. [6] includes generation of Boolean func-
tion and identification of type of regulatory relationship, i.e. either activation or inhi-
bition. The latter module is filtering the relationship of genes by biological constraints
provided by a user. It is the extension we added in order to improve the performance
of the classical Boolean algorithm by reduction of the number of relationships consid-
ered in the core module. Nevertheless, the network inference can be performed with-
out this module if a set of biological constraints is not submitted.

Core module: Generation of Boolean functions and identification of types of
regulatory relationship. In brief, at first, the matrix of binary values of all interesting
genes is passed into the first module to extract the regulatory relationship between the
set of regulating genes and single target gene. The gene expression data, i.e. ‘0’ or ‘1’,
of the target gene at time ¢ is influenced by the expression strength of the regulating
genes at previous time, ¢-1. This relationship is in the form of Boolean functions hav-
ing a logic combination of the expression strengths of the regulating genes as an input
and the expression strength of target gene as an output. The maximum number of the
regulating genes, k, for single target gene is depended on the number of time points of

expression data, 7, and is defined by Max(k) that 2k <Tand k> 0.

Each Boolean function is then checked if it is an activation-inhibition function
which its logic relationship is in the form of g; = (act; OR act; OR ... OR act,;) AND
NOT (inh; OR inh; OR ... OR ink;,), where g; indicates the expression strength of the
i™ target gene, act and inh indicates the expression strength of activators and inhibi-
tors for the i target gene respectively, and A; and /; are the number of activators and
inhibitors for the i target gene respectively. The activators and inhibitors of each
target gene are simultaneously identified in this checking step. The type of regulatory
relationship, either activation or inhibition, is finally assigned based on the activation-
inhibition function. Other Boolean functions that are not the activation-inhibition
function are ignored. Consequently, the output from the algorithm is a set of activa-
tion-inhibition functions and a set ofeactivators and inhibitors for each target gene.

Extension module: Filtering the regulatory relationship by biological constraints.
" In the extension module, the relationship of genes is filtered by a set of biological
constraints that are considered as the prior knowledge for a specific system. In this
work, two types of biological constraints, i.e., conceptual and specific constraints are
added in the program. The conceptual constraint is first added to the previous algo-
rithm [14]. It includes the general concept of the regulation in the transcriptional
level, for example, (i) transcription factors directly regulate the gene expression by
binding at promoter of genes; and (ii) enzymes and transporters do not regulate the
gene expression although some of their downstream products do. Here, this type of
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constraints is set based on a presumption that there is not any regulation by products
of enzyme-encoding genes within duration of study. The relationship with this type of
genes is hence discarded. The specific constraint introduced in this work includes
prior knowledge, hypothesis, or existing experimental data indicating the regulatory
relationship between the specific set of genes. Here, this set of constraints is specified

by pairs of genes having no regulatory relationship which is supported by biological
evidences. For example, the relationship between CONSTANTS (CO) and
phosphoglycerate kinase (PGK) was set as null because the genes have distinct

functions in different pathway and there is no experimental data inferring their rela-
tionship. The Boolean relationship between these two genes generated was hence
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Fig. 2. Gene relationship in (A) circadian clock [18] and (B) flowering pathway [23]
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discarded by consideration of that specific constraint. However, the network inference
can be performed without this module if a set of biological constraints is not submitted.

2.4 Evaluation of Genetic Network

The obtained genetic network were evaluated by using standard measures that were
accuracy (ACC) calculated by (TP+TN)/(TP+TN+FP+FN), specificity (SPC) calcu-
~ lated by TN/(FP+TN), precision or positive prediction value (PPV) calculated by
TP/(TP+FP), and false discovery rate (FDR) calculated by FP/(FP+TP), where TP
refers to correctly inferred edges, either activation or inhibition. FP refers to false
predicted relationship, including wrong type of regulation. 7N refers to missing edges
in both the inferred and the reference networks. FN refers to missing edges, which
exist in the reference network, in the inferred network. The network that was used as a
reference was based on selected genes in this study [18, 23] ( Fig. 2).

Accuracy indicates the percentage of correct predictions. Specificity indicates the
percentage of negative predictions which are correctly inferred. Precision indicates
the percentage of positive predictions which are correctly inferred. False discovery
rate indicates the percentage of false predictions among all predictions.

3 Results and Discussion

3.1 Data Discretization

To demonstrate the algorithm, the expression data of fourteen genes were selected
from microarray data [20], including seven known core-circadian-clock genes and
seven non-circadian genes (i.e. genes in glycolysis and flowering pathways). The
selected genes and their molecular functions are shown in Table 1.

Table 1. List of genes and functions used in this study [18, 24]

Gene Function

CCAI Single Myb domain Transcription factor
ELF4 Transcription factor

Gl Unknown

LHY Single Myb domain transcription factor
PRRS Pseudo-response regulator

PRR7 Pseudo-response regulator

TOCI Pseudo-response regulatbr

Cco CONSTANTS (CO) promotes flowering under long days
Fr Flowering locus promotes flowering
SOC1 Suppressor of overexpression of CO|
PGl Phospho-glucose (Glc) isomerase

P! . Triosephosphate isomerase

PGK Phosphoglycerate kinase

PGM Phosphoglycerate mutase
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Max-30%max was used as a threshold for the data discretization in this study. An
example of the characteristics of discretized data is shown in Fig. 3. Fig. 3A shows
the expression data of two selected circadian clock-genes, CCA/ and TOC/. Based on
the discretization method, the expression data of CCA/ and TOC/ across time points
were discretized into 0 or 1. So, each gene consists of a series of binary values, called
binary profile. Fig. 3B shows the binary profiles of such genes. The selection of the
discretization method may affect the final result; however the employed discretization
method was proven to be the most appropriate one for the system under studied (un-
published data). The matrix of binary values representing binary profiles of a set of
genes was an input for the algorithm, see Fig. 3C. The matrix of binary values is de-
limited text format. The first column is the gene name. The following columns are
binary values of each gene across time points. This is a standard format that is con-
venient for users in the data preparation process.

A B
Expression profiles Binary profiles
Intensity
12 137
1.0
: 0.8 '.."“ T -
g ~CCA! 0.6 AR kg == CCAL
30 N % e ' [=TOCl
o Lo W R X ik f = TOCH | gy £
: R Y ERE
UM NNl d B S0 24 28 32 % 40 44 48 52 56 60 64 68
Time (hours) Time (hours)
C
CCA1 1 [¢] 0 0 0 0 0 0 V] 0 o] 0
ELF4 0 0 0 0 1 0 0 0 o} 0 0 0
Gl 0 0 1 1 0 0 0 0 ] 0 0 0
LHY 1 0 0 0 0 0 o} 0 0 (v} 4] 0
PRRS5 0 0 1 1 0 0 [0} 0 1 1 0 0
PRR7 0 0 1 0 0 o] 0 1 1 0 0 0
TOCHt 0 0 0 1 0 (V] 0 0 0 0 0 0
co 0 0 0 0 0 1 0 0 0 0 0 0
FT 1 0 0 0 ] 0 0 0 0 0 0 0
S0OC1 0 0 0 0 0 0 0 0 1 1 0 0
PG I 1 1 1 0 1 0 0 i 3 1 1 1
TPI 0 0 0 1 1 1 0 1 0 0 0 1
PGK 1 1 0 0 1 1 0 0 0 0 1 0
PGM 1 1 1 0 0 0 1 1 0 0 0 0

Fig. 3. Characteristics of data expression profiles (A), example of discretized data (B}, and the
matrix of binary values (C) of genes in circadian clock, glycolysis, and flowering mechanism

3.2 Genetic Network of Circadian Rhythms

The genetic network of circadian clock was inferred by using our method, the ex-
tended constraint-based algorithm with taking consideration of both conceptual and
specific constraints into account. The network result by our method was compared
with those by the classical Boolean without any biological constraint and the con-
straint-based Boolean with only conceptual constraints. All these three algorithms can
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Fig. 4. Genetic networks of 14 genes in circadian rhythm and flowering mechanism using
classical Boolean, without consideration of biological constraint in priori (A); constraint-based
Boolean with conceptual constraints (B); constraint-based Boolean with both conceptual and
specific constraints (C). A blue rectangular represents an enzymatic gene; a yellow hexagon
represents a flowering gene; a pink circle represents a circadian gene. Black solid lines repre-
sent predicted relationship corresponding to known biological knowledge, while broken lines
represent predicted relationship that exceeds the current knowledge.

infer directed networks describing the types of gene regulatory relationship, either
activation or inhibition (Fig. 4). The node is a gene and the edge is the relationship
between genes. The types of the relationships are represented by an arrow and a
T-shape arrow for activation and inhibition, respectively.

Figs. 4A-C show the networks inferred by using classical Boolean, constraint-
based Boolean with conceptual constraints, and constraint-based Boolean with both
conceptual and specific constraints, respectively. All these inferred genetic networks
can describe regulations between TOCI/CCAI/LHY and (PRR5/PRR7/PRR9)
/CCAI/LHY loops. All three inferred network show that CCAJ and LHY are inferred
as negative regulators of TOCI and ELF4 which corresponds to known biological
knowledge [15, 18], while PRR5 and PRR7 are inferred as positive regulators of
CCAI and LHY [16] in the inferred network by using classical Boolean and con-
straint-based Boolean with conceptual constraints. However, among three inferred
networks, the two networks from the previously developed methods show signifi-
cantly higher in complexity and false predictions than the one from our method, indi-
cated by the number of solid and broken line edges. Adding conceptual constraints
before generating Boolean function can greatly reduce the complexity of the network
(Fig. 4B). That means it can reduce false predicted relationships that are caused by
regulations by products of enzyme-encoding genes as shown in Fig. 4A. Fig. 4C
shows the inferred genetic network by using our method with adding conceptual and
specific constraints before generating Boolean function. The algorithm can identify
regulations in the core oscillator of circadian mechanism and also substantially reduce
the false predicted relationships. This resulted in less complex inferred network that
is reasonable for further analysis and making a biological sense.
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3.3 Network Evaluation

The inferred genetic networks were evaluated through a set of coefficients: ACC,
SPC, PPV, and FDR. These coefficients allow us to assess the performance of our
algorithm in comparison with those of the previously developed methods which are
the classical Boolean and the constraint-based Boolean algorithms with conceptual
constraints.

3gj /% 71 z
q1017
40-A/ /
oy /
201 / 7 72
UR7Z8 W7 Z

2 Classical Boolean : No constraints
O Constraint-based Boolean : Conceptual constraints
M Extended constraint-based Boolean : Conceptual and Specific constraints

Fig. 5. Comparing the performances of the extended constraint-based Boolean, constraint-based
Boolean, and classical Boolean algorithms

Fig. 5 shows that the Boolean network taking into consideration of biological con-
straints gives better accuracy, specificity, and precision. In comparison with the clas-
sical Boolean network, the extended constraint-based Boolean algorithm provides
90% accuracy, 98% specificity, and 45% precision, which are 8%, 13% and 114%
improvement, respectively. Moreover, the false discovery rate (FDR) is decreased
from 79% to 55% (31% improvement). When considering the Boolean network tak-
ing only the conceptual constraints into account, the percent improvement over the
classical Boolean network are 4%, 5%, and 38% for accuracy, specificity, and preci-
sion, respectively. These results clearly show that taking more consideration of bio-
logical constraints in priori can provide better accuracy, specificity, and precision.
Besides the improve accuracy, the extended constraint-based Boolean algorithm pro-
vides a result with a low level of false prediction. The extension of the constraint-
based method by incorporating the specific constraint is thus not only advantage in
term of reduction in, but also great decrease in computational burden due to Boolean
functions calculation. Not only genetic network inference of circadian clock, the
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algorithm was also applied to infer genetic network of galactose pathway using mi-
croarray data [25]. The results show that our algorithm provides both high (>70%) accuracy
and (>80%) specificity (unpublished data). Therefore, the extended constraint-based
Boolean algorithm might be an alternative strategy for genetic network inference.
Also, this method might be employed to infer a large-scale genetic network, whose
result might be used as seed information for further network analysis or hypothesis
development. Although the incorporation of prior knowledge into Boolean network is
‘not yet systematic, this can help scientists to understand simpler genetic network
inferred by using this method. However, it will be great to develop it as more system-
atic approach.

In this work, we have shown the advantages and successes of incorporation prior
knowledge (in terms of specific constraint) into the Boolean network though implan-
tation of the constraint in not yet systematic. For the next step, computational tech-
nique including systematic incorporation of the constraint will be improved to have
the capability of the algorithm to support the large-scale data analysis.

4 Conclusion

The regulation of gene expression lies on a huge number of components that comprise
a genetic network. Understanding of this regulation system is often studied by infer-
ence of genetic networks from microarray data. We have proposed an algorithm so-
called extended constraint-based Boolean algorithm to infer genetic network. The
algorithm considers both conceptual constraints of a typical genetic circuit and spe-
cific constraints of a particular system before generating Boolean functions. The
method was demonstrated in inference of a genetic network underlying circadian
rhythms in Arabidopsis thaliana from microarray time series data. The inferred cir-
cadian network was validated with literature and the performance of the novel algo-
rithm was evaluated. The resulted network showed that prior knowledge is an useful
bias for modeling genetic network. Moreover, the results showed that the proposed
method provides good accuracy, specificity, and precision under the trade-off of com-
putational efforts. The proposed method is therefore a promising alternative approach
for inferring genetic network from high-throughput microarray time series data. In
the future, this method will be applied to infer genetic network from different condi-
tions of microarray data.
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