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Development of integrating transcriptomic data into matebolic network analysis

WANG Hui, DING Dewu,SUN Xiao, XIE Jianming *
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Abstract ; With the advent of high—throughput technologies, the field of systems biology has amassed an abundance
of developed metabolic network models and “omics” data, such as transcriptomic data, proteomic data and
interactomic data. How to integrate omics data into metabolic network for further simulation analysis is becoming a
hot spot of the microbial systems biology research. Several published studies have successfully demonstrated that the
flux balance analysis(FBA) , a constraint-based modeling approach, can be used to integrate transcriptomic data
into genome-scale metabolic network model reconstructions to generate predictive computational models. In this
review, we summarize such FBA-based methods for intergrating expression data into genome-scale metabolic
network reconstruction, highlighting the advantages as well as the limitations, and offer the suggestion to select
appropriate method to a specific issue.
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164 £ #

&

& % % 14 4

Kby s A B C AR, LR A1
R, (a) Akesson J7i2%, B AN 52 07 %) 1 6k ]
IRE, X Rz R A R 28 R 5 (b) PROM
Tk R ZRBE T EE, v>0.5Vmax W S0
B JRZA KA 5 (¢) GIMME J5ik  BOE BIE y , 4
A=>B [0 H i Xof I FE R R BN Ty, WM 12215
B X on  JFHE P RE RN A->C 45 3 D BE ) 2%
BEAY  BOEAF T BRBCHINT y (95 B (d) iMAT J5

2 PR R R 1, - = R A y2,
15 BIAS] 5y % AR A R & IR X L o I 26
IRXF IR oL, 48 oH G, RS AR oL He A
(e)MADE, 7R H ¢ K77 459 BN R 4544 T 5
R RRAS 5 (f) METRADE J5 125, & — AN A AE S
F4) T 7 35 PR 36 (A [) s 75 281 190 I 1 3k B A T
Xof o A AR O i s R BROR ], 2% 43 Mt O R4
W1,

F1 B FBA M ETMNE
Table 1 Evaluation of improved FBA method
[55) (I 18 A X 1) 35k A BIRIAT matlab
- S I AL B g5
HRA kA FBA 47 FRIE v s i
HEEAT 0,  HHERREY
P I
Resonetal RS oAl oW M % T It
Bl : ) HiLh
H1, 4]
B B
P FERE N
PN © A R
COMME i R R B W%ff N BT
A - s L 1 L T,
’ A1, BT E N,Jir? e Hets ) e HPRIRLE
BU R/ .
SN T I
SRR Y
SARIERL REMEKT MR
PROM 0 WU 37 9 RS i
- 0 2 3k UJ;&J% S ik 1 s OB
RAEIH 1
pecs BN IERD
Ei'ﬁ;ﬁ; SRR IR
i Ty 2
A1 BYXT R B 2 8] b X R AU RE
IMAT G wasmas o VIR e FURZIILXT A5 e
‘ , e 7 L A o X UUERTEAE KRS
EXAMO Bl waswEl e S e - s
B2k B . s
RAE-1/0/1
HBR 4
FIEEIF G L REERRE R Totest KA FLEEMIERIT
A2 sk VA M Ik
MADE g';gﬁh ok, B EIER 0 AR ”i&g;fk O AAEELE S
ENEE JIMSTS Ejl o 5 RS
AL
B R A
REE B SRR A
sanmrx o IR PRECRIIEN e o
METRADE . TCH{E R fipv s | gk — 25 - H FIRIKERR —
250 FBA R PR eans 2 I
oz i ik

25 FiENA

A SCA R T AR R AL G e S A 2 AR 3 I
25 110 ABE 2 J SEL IS | 0 A Of 4% b A B e SR 2 A LA
PEAT AT X 48 A 5 1) S 481 ek 3 2B 0 28 NS 451
YA ,2015 4F Shuyi 55 F) H PROM J7 1 #4) 2 M A% T
BRI A SRR AR R 45 948 2 SR 3RE T L Tuulia
R IMAT J5 35 0F 58 N 28 Wk i o 1) 4% 38 #L
#1597 Emrah Z5{# H GIMME H1 MADE J7 v #4 2 i

O 40 PR P e PR 2 Qi IR 4% - 8 0 9 i 4
AR o A ) e R AR Ty ik Y R e, — g
W55 B WA TR R AL A P A A s 04 7 U Do 2 1F
5%, U1 Weihua 2576 FBA JE7f |35 24N 22 505
PEATAC I 0 26 F 50 0 M e A M R ) oA b 2
D7 S IR A AR 221074 o e A I AR
SREERN R Ge A ) WL AT A 2 2 B A 5T
20 A P AR A R L B — R R i



TESER A B T S 2 B ) A 100 28 T 0 165

3 RgihRY

M TFAVRNE S E 24, NRGEEY2= A
[ N A R N2 Wy e 0 e h < B i )
TG SR AT 28 ST 5 1 O YA K B i . B
o 38 A AR B, A R IR B AR 2% 2
ZERCA G FBA A3 AT 5 vk 0 R, 2R i
AT 43 SR WSS 2, —Ffond £ 35 I 45 0 45 ¥ 0 A 9%
R, RV 3k 2 8 B AR R 1) AR Ak R AR T
Retk, FFEAT FBA 435 3 — & 78 AN B A8 S A
DX 5% 1 it b, ) FH 26 R 38 1% i R 0 4 XK 4% X
DAL FEDEA T PR, 3 BT v A5 A 245 2R KR 1 48
I SIS UE A R B AN E

(HSEARSCIT A 3 07 3 A B AR X B — | &5 T
XA HGE R BR M, D7 T R A it H
TR X AT o it , 14, H A R A Gt
ZEAIFFT T2 A2 B A A0 P T 5%, A5 380 A O R e A
AR BbR R, 4B P 9 AR T X 2% D) e R kT
375 i AR FE R Rk 5 A4 Ak I vy il 2 [a] /) G &R L
MR I, 2 AN FE IR G ] R 45 A= Ak B L 9 It A AL
I HETM A2 ) MATRADE 1 omFBA J7 1%
F il AR R AW A B o AR R —
AWFFEIRS, B 22 J2 TG A 27 K5 00 o TR i
UL N ACEIG Bl , 5 D7 R I S AR A W &

22 3k ( References )

[1]JEDWARDS J S, PALSSON B O. Systems properties of the
Haemophilus influenzae Rd metabolic genotype[ J]. Journal
of Biological Chemistry, 1999, 274(25) :17410-17416.

[2]ZAMBONI N,FENDT S M, RUHL M, et al. ®C-based met-
abolic flux analysis[ J].Nature Protocols, 2009, 4(6) ;878-
892.

[3]GARCIA MARTIN H,KUMAR V S, WEAVER D, et al. A
method to constrain genome-scale models with “C Labeling
data[ J]. PLoS Computational Biology, 2015, 11 (9):
€1004363.

[4]ORTH J D, THIELE I,PALSSON B O. What is flux balance
analysis? [ J].Nature Biotechnology,2010,28(3) ;245-248.

[5]CHAPMAN S P,PAGET C M, JOHNSON G N, et al. Flux
balance analysis reveals acetate metabolism modulates cyclic
electron flow and alternative glycolytic pathways in chlamydo-
monas reinhardtii[ J ].Frontiers in Plant Science, 2015(6) :
474. DOI; 10.3389/1pls.2015.00474. eCollection 2015.

[6]SHLOMI T,BERKMAN O,RUPPIN E, et al.Regulatory on/
off minimization of metabolic flux changes after genetic per-
turbations[ J ] . Proceedings of National Academy of Sciences
of the United States of America, 2005, 102 (21) . 7695 -
7700.

[7]MAHADEVAN R, EDWARDS J S, DOYLE F R, et al. Dy-
namic flux balance analysis of diauxic growth in Escherichia
coli[ J]. Biophysical Journal, 2002, 83(3) :1331-1340.

[8]GOMEZ J A,HOFFNER K,BARTON P I, et al. DFBAlab: a
fast and reliable MATLAB code for dynamic flux balance a-
nalysis[ J ].BMC Bioinformatics, 2014 (15) :409. DOI; 10.
1186/512859-014-0409-8.

[9]WILLEMSEN A M,HENDRICKX D M,HOEFSLOOT H C,
et al. MetDFBA . incorporating time-resolved metabolomics
measurements into dynamic flux balance analysis|[ J].Molec-
ular BioSystems,2015, 11(1) :137-145.

[10] BURGARD A P, PHARKYA P, MARANAS C D, et al.

Optknock: a bilevel programming framework for identifying
gene knockout strategies for microbial strain optimization[ J].
Biotechnology and Bioengineering, 2003, 84(6) :647-657.

(I AIT AE B AR R Rk 22 o i [ ] B E B2,
2014,12(02) :140-144.

LU Ting.Bioinformatics analysis for gene differential expres-
sion[ J]. Chinese Journal of Bioinformatics, 2014,12(2) .
140-144.

[12] ANGIONE C,PRATANWANICH N, LIO P,et al. A hybrid
of metabolic flux analysis and bayesian factor modeling for
multiomic temporal pathway activation [ J ]. ACS Synthetic
Biology, 2015, 4(8) :880-889.

[ 13]VOGEL C,MARCOTTE E M. Insights into the regulation of
protein abundance from proteomic and transcriptomic analy-
ses[ J].Nature Reviews Genetics, 2012, 13(4) :227-232.

[ 14]MEGCHELENBRINK W, ROSSELL S, HUYNEN M A, et
al. Estimating metabolic fluxes using a maximum network
flexibility paradigm [ J ]. PLoS Ome, 2015, 10 (10).
€139665.

[15] PACHECO M P, JOHN E,KAOMA T, et al, Integrated
metabolic modelling reveals cell-type specific epigenetic
control points of the macrophage metabolic network [ J].
BMC Genomics, 2015(16) :809. DOI. 10.1186/s12864—
015-1984-4.

[ 16 ]FERRAZZI ¥ ,MAGNI P,SACCHI L, et al. Inferring gene
expression networks via static and dynamic data integration
[J].Studies in Health Technology and Informatics, 2006
(124) .119-124.

[ 17] SALAZAR M, VONGSANGNAK W, PANAGIOTOU G, et
al. Uncovering transcriptional regulation of glycerol metabo-
lism in Aspergilli through genome-wide gene expression da-
ta analysis [ J ]. Molecular Genetics and Genomics, 2009,
282(6) :571-586.

[18]MOXLEY J F,JEWETT M C,ANTONIEWICZ M R, et al.
Linking high-resolution metabolic flux phenotypes and tran-
scriptional regulation in yeast modulated by the global regu-
lator Gendp[ J]. Proceedings of National Academy of Sci-
ences of the United States of America, 2009, 106 (16) .
6477-6482.

[19] COLIJN C, BRANDES A,ZUCKER ], et al. Interpreting
expression data with metabolic flux models: predicting My-
cobacterium tuberculosis mycolic acid production [ J ].PLoS

Computational Biology, 2009, 5(8) :e1000489.



166 4 #H

& % %14 A&

[20]VAN BERLO R J,DE RIDDER D,DARAN J M, et al. Pre-
dicting metabolic fluxes using gene expression differences
as constraints [ J ]. IEEE/ACM Trans Computer Biology
Bioinformatics, 2011, 8(1) :206-216.

[21] LEE D, SMALLBONE K, DUNN W B, et al. Improving
metabolic flux predictions using absolute gene expression
data[ J]. BMC Systems Biology, 2012 (6) :73.DOI; 10.
1186/1752-0509-6-73.

[22]KIM J,REED J L. RELATCH ; relative optimality in meta-
bolic networks explains robust metabolic and regulatory re-
sponses to perturbations [ J ]. Genome Biology, 2012, 13
(9) :R78.

[23]COLLINS S B,REZNIK E,SEGRE D.Temporal expression-
based analysis of metabolism[ J].PLoS Computational Biol-
ogy, 2012, 8(11) :e1002781.

[24]TOPFER N, JOZEFCZUK S, NIKOLOSKI Z. Integration of
time-resolved transcriptomics data with flux-based methods
reveals stress-induced metabolic adaptation in Escherichia
colil J].BMC Systems Biology, 2012,3(6) ;148. DOI; 10.
1186/1752-0509-6-148.

[25]NAVID A, ALMAAS E. Genome-level transcription data of
Yersinia pestis analyzed with a new metabolic constraint-
based approach[ J ].BMC Systems Biology, 2012, 3(6):
150. DOI; 10.1186/1752-0509-6-150.

[26 ] WANG Y,EDDY J A,PRICE N D. Reconstruction of ge-
nome-scale metabolic models for 126 human tissues using
mCADRE[ J].BMC Systems Biology, 2012, 3(6): 153.
DOI; 10.1186/1752-0509-6-153.

[27] AKESSON M,FORSTER J,NIELSEN J. Integration of gene
expression data into genome-scale metabolic models [ J ].
Metabolic Engineering, 2004, 6(4) :285-293.

[28 BECKER S A,PALSSON B 0. Context-specific metabolic
networks are consistent with experiments[ J].PLoS Compu-
tational Biology, 2008, 4(5) :e1000082.

[29]SCHMIDT B J, EBRAHIM A,METZ T O, et al. GIM3E;
condition-specific models of cellular metabolism developed
from metabolomics and expression data[ J ].Bioinformatics,
2013, 29(22) :2900-2908.

[30]CHANDRASEKARAN S,PRICE N D. Probabilistic integra-
tive modeling of genome-scale metabolic and regulatory net-
works in FEscherichia coli and Mycobacterium tuberculosis
[J]. Proceedings of National Academy of Sciences of the
United States of America, 2010, 107(41) ;17845-17850.

[31]SHLOMI T,CABILI M N,HERRGARD M ], et al.Network-
based prediction of human tissue-specific metabolism [ J].
Nature Biotechnology, 2008, 26(9) :1003-1010.

[32]ROSSELL S,HUYNEN M A,NOTEBAART R A. Inferring
metabolic states in uncharacterized environments using
gene-expression measurements| J ].PLoS Computational Bi-
ology, 2013, 9(3) :e1002988.

[33]JENSEN P A,PAPIN J A. Functional integration of a meta-
bolic network model and expression data without arbitrary
thresholding[ J ] . Bioinformatics, 2011, 27(4) :541-547.

[34] ANGIONE C,LIO P. Predictive analytics of environmental

adaptability in multi-omic network models [ J ]. Scientific

Reports, 2015(5) :15147.DOI.:10.1038/srep15147.

[35]ANGIONE C,CONWAY M, LIOP. Multiplex methods pro-
vide effective integration of multi-omic data in genome-scale
models [ J ]. BMC Bioinformatics, 2016, 17 ( Suppl 4):
(83). DOI. 10.1186/512859-016-0912~1.

[36]MA S,MINCH K J,RUSTAD T R, et al. Integrated model-
ing of gene regulatory and metabolic networks in Mycobacte-
rium tuberculosis [ J]. PLoS Computational Biology, 2015,
11 (11): e100454311. DOI. 10. 1371/journal. pchi.
1004543.

[37] HYOTYLAINEN T, JERBY L, PETAJA E M, et al. Ge-
nome-scale study reveals reduced metabolic adaptability in
patients with non-alcoholic fatty liver disease [ J ]. Nature
Communications, 2016 (7) : 8994. DOI. 10. 1038/ncom-
ms9994.

[38]0OZCAN E,CAKiR T.Reconstructed metabolic network mod-
els predict flux-level metabolic reprogramming in Glioblas-
toma[ J ].FRONTIERS IN NEUROSCIENCE, 2016(10) :
156.DOT; 10.3389/fnins.2016.00156.

[39]GUO W,FENG X. OM-FBA; integrate transcriptomics data
with flux balance analysis to decipher the cell metabolism
[J].PLoS One, 2016, 11(4) .e154188.

[40]GARAY C D,DREYFUSS J M, GALAGAN J E. Metabolic
modeling predicts metabolite changes in Mycobacterium tu-
berculosis[ J ]. BMC Systems Biology, 2015, 9 (1) 57.
DOI: 10.1186/512918-015-0206-7.

[41]T PFER N, JOZEFCZUK S, NIKOLOSKI Z. Integration of
time-resolved transcriptomics data with flux-based methods
reveals stress-induced metabolic adaptation in Escherichia
coli[ J].BMC Systems Biology, 2012, 6(1) :1-10.

[42] AGREN R, BORDEL S, MARDINOGLU A, et al. Recon-
struction of genome-scale active metabolic networks for 69
human cell types and 16 cancer types using INIT[ J].PLoS
Computational Biology, 2012, 8(5) :e1002518.

[43] FANG X, WALLQVIST A, REIFMAN J. Modeling pheno-
typic metabolic adaptations of Mycobacterium tuberculosis
H37Rv under hypoxia [ J ]. PLoS Computational Biology,
2012, 8(9) :e1002688.

[44] YIZHAK K,GABAY O,COHEN H, et al. Model-based i-
dentification of drug targets that revert disrupted metabolism
and its application to ageing[ J].Nature Communications,
2013(4) :2632. DOI:10.1038/ncomms3632.

[45]YIZHAK K,GAUDE E,LE DEVEDEC S, et al. Phenotype-
based cell-specific metabolic modeling reveals metabolic li-
abilities of cancer[ J |eLIFE, 2014, 21(3): e03641.DOI;
10.7554/ eLife.03641.

[46] STEMPLER S, YIZHAK K, RUPPIN E. Integrating tran-
scriptomics with metabolic modeling predicts biomarkers
and drug targets for Alzheimer’s disease [ J].PLoS One,
2014, 9(8) :e105383.

[47]AGREN R,MARDINOGLU A,ASPLUND A, et al. Identifi-
cation of anticancer drugs for hepatocellular carcinoma
through personalized genome-scale metabolic modeling[ J].
Molecular Systems Biology, 2014 ( 10): 721. DOI. 10.
1002/msb.145122.



