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The interconnectivity of advanced biological systems is essential for their proper functioning. In modern
connectomics, biological entities such as proteins, genes, RNA, DNA, and metabolites are often represented as
nodes, while the physical, biochemical, or functional interactions between them are represented as edges. Among
these entities, metabolites are particularly significant as they exhibit a closer relationship to an organism’s
phenotype compared to genes or proteins. Moreover, the metabolome has the ability to amplify small proteomic
and transcriptomic changes, even those from minor genomic changes. Metabolic networks, which consist of
complex systems comprising hundreds of metabolites and their interactions, play a critical role in biological

research by mediating energy conversion and chemical reactions within cells.

metabolic connectome network models disease diagnosis drug discovery

| 1. Introduction

Biological networks are widely used as graphical representations to describe and analyze biological systems. In
these networks, graphs are used to represent biological entities, such as proteins, genes, RNA, DNA, and
metabolites, as nodes. The edges of the network correspond to the physical, biochemical, or functional interactions
between these entities [Xl. Through analysis of these biological networks, the interrelationships between different
biological entities can be revealed, including protein—protein, protein—-DNA, protein—metabolite, and other
associations. This allows the networks to capture the basic characteristics of biological systems and reveal the

information patterns within them &,

In order to deeply understand and quantify the characteristics and behaviors of biological networks, researchers
utilize a series of evaluation indicators (Figure 1). Indicators such as node degree, clustering coefficient, average
shortest path length, and centrality are widely used to measure the degree of node connection, community
structure, global connectivity, and node importance in networks B4 Small-world properties describe the global
structure of networks . Additionally, modularity identifies functional modules and subnetworks, providing

comprehensive evaluation for deeper understanding of biological system structure and function B8],
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Figure 1. Network properties. In this example, node ‘a’ has a degree of 3. Node ‘b’ has a clustering coefficient of 1,
and node ‘c’ has a clustering coefficient of 0. The average shortest path length between nodes ‘d’ and ‘e’ is two
steps, passing through one intermediate node. Node ‘f’ contributes significantly to the centrality because it has a
relatively large number of edges connecting it to other nodes. The small-world properties are measured by
calculating the clustering coefficient and the average shortest path length. Each module in the modularity is

represented by a different color.

Currently, biological networks are classified based on different features and purposes. For example, protein—
protein interaction networks describe protein interactions [, gene regulatory networks reveal complex gene
expression regulation mechanisms 2% and metabolic networks graphically represent metabolic processes 11,
Brain networks describe neuron and synapse interactions 12, while social networks represent social relationships
between individuals 23, Among these, metabolic networks have high plasticity and complexity as the basis of life
activities and information transmission within organisms. They are complex network structures composed of
interactions among multiple biological entities 114 Metabolic networks are crucial in biological research to
understand the complexity of biological systems and reveal interactions and regulatory relationships among

different entities.

| 2. Construction Methods of Metabolic Networks

Metabolic networks can be represented by various types of relationships, including statistical correlations, causal
relationships, biochemical reactions, and chemical structural similarities (1411151 statistical correlations and causal
relationships are used to describe the relationships between molecules 287 while biochemical reactions and
chemical structural similarities describe the interactions between molecules 1819l By constructing networks using

these different relationship types, algorithms from network theory can be applied to metabolic networks to gain a
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more comprehensive understanding of metabolic processes 2. The codes for constructing metabolic networks are
provided in Table 1.

Table 1. Codes for metabolic networks.

Metabolic
Network Method/Model Language Source
Pearson correlation https://github.com/aishapectyo/Correlations-Pearson-
And Spearman rank Python
. Spearman (accessed on 28 November 2023)
correlation
UL Distance correlation https://github.com/vnmabus/dcor (accessed on 28
based 20] Python

November 2023)

Gaussian graphical https://github.com/donaldRwilliams/BGGM (accessed

model R on 28 November 2023)
Causal inference Pvthon https://github.com/BiomedSciAl/causallib (accessed on
model (21 y 28 November 2023)
Structural equation https://github.com/yrosseel/lavaan (accessed on 28
Causal-based R
model November 2023)
Dynamic causal Pvthon https://github.com/tmdemelo/pydcm (accessed on 28
model y November 2023)
https://github.com/iseekwonderful/PyPathway
Pathway-based Pathway Python (accessed on 28 November 2023)
g{:ﬁg:ﬁ? Chemical structure Pvthon https://github.com/labsyspharm/Isp-cheminformatics
similarity y (accessed on 28 November 2023)

similarity-based

ference .
B? %{orrelaﬁon-Based Metabolic Network
1. Assenov, Y.; Ramirez, F.; Schelhorn, S.E.; Lengauer, T.; Albrecht, M. Computing topological

CorAPIRNEERE HIMARBYIE AP RS BRANFERRA R IaBRICIFS S5 oBIpse networks use the correlations

among metabolites to establish connectivity relationships, simplifying multidimensional data while preserving most
iate%'rgtige %f'orq{ Q@W (hg lﬁg 'ﬂv‘@r.dfhlg ' r#eim%] il%@l?ﬁ@%t‘ﬁ iﬂ%lé’%ién%mrgﬁgﬁv@ewmglgg Eéilq;om ponents
anoBQim%r Mn %S?&O?‘%&@Broperties to better understand metabolite interactions and identify key
mefpteein M%ﬁW@Y%\%@&PMﬂImV@I@Nﬁi?@gﬁlpﬁ%ﬁm?wyp$ﬁm RFARE é?ﬁ'éﬁﬁi&als&ﬁ'alyﬁ%f’"c
disgasforatzagrargisrREd HisepVELIRY. BaierAts2EI2 11, 420-433.

4. Mengiste, S.A.jAertsen, A.; Kumar, A. Relevance of network topology for the dynamics of
biological neurgn} netWorks MbioRxiv 203%:. Myl M M e M,

5. May, R.M. Netjobkistrdeturefand the-biofbgy of populAtic St Trehtts EC81. Evor. 2008, 21, 394—
399. M, Ri; Ras eccics Riy M, Pss Ll it Py
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correlation, and Gaussian graphiéﬁﬁm_)g s . Pearsomgcorrelation measures linear relationships, while
18, M- vzt Bn-dlibiante EbiSerk a ' ohi HBRLNGSO techatashiastic esltdpiton
codfiRigrminalignaRERCsNak RSl RS thén 196ANLBRRd by their standard deviations. The

19PSE5TER, @K SerEgalionFreefgiet sestifin'at eRabiR, VB 28R e T BletaEh i s stk dE RGeS after
sorpaey et iahtsel it stiging disraieiRtioRkdfGNIsgLeBRse Sy e plaggard deviation. The distance

correlation is obtained by calculating the distance covariance among variables divided by their respective standard
1géV%%l§sz.J.; Friston, K. Structural and functional brain networks: From connections to cognition.

Science 2013, 342, 1238411.

130G rGArHUG ONREVTHIA S RA B S @RRHARATIY ' SIASC R NI B RAIQA P AU RIAPIRSRIb RSN BRGE I fagFWOrks.
the A@S&f§£?[§§}3\%@f}“§g,af§2§g%jﬂ@_n rank correlation often results in highly interconnected and dense

networks, complicating network analysis and interpretation (141 Gaussian graphical models calculate partial instead
14 (0P A fSRINaY, Gl QUidanE Maake, ThEHTRND SorNRYSR DR I8 MieSBlskndez
Imp%ﬁ!aznqlry/, Lcibs‘cf'a?\DéElJ fggrtr)e glgbhss' ’rr\{g{/ttbnegdl'}/elz' t'é)l eé[gvrr? r%% a}r%i ueczanrca}t';lﬁ1 %alcz:)tlosrgozynec{ yd{)n rMF tnaet():gls%g}lg/srgpa}%asent
. Apalxsi anq. Int%r retation. Front. Mol. Biosci. 2022, 9, 841373.
direct catsal relati ||5)s.

—

ons
15. Yazdani, A.; Yazdani, A.; Mendez-Giraldez, R.; Samiei, A.; Kosorok, M.R.; Schaid, D.J. From

2.2, SausalBased MetaboliciNetwarkal networks for systematic integration of multi-omics.

Front. Genet. 2022, 13, 990486. o
Causal relationship-based metabolic networks are complex biological networks that help us to understand the

16pdNams, Rethaanber Kicldiek, OsteveryGeveclatipmdanterasiiy afdasiriitabARRgnchestntbearaingl
net@@sllateryr-ipelatienshippissbaliog-Seale Bianpemdaciivesigpionsids Rroteameinias radtidhshps

bet88n- @M. The objective in constructing a causal network is to infer causal relationships between variables

17T RFERRR2F kiR REisa ) BT BPFLRIREIAG SRR 2623YI8H “Eraph ey ads FRASE Pldiodes:
P ESBRU IR St R 9o RFE BECBRUEE: PRYRHBP s ah PIRCoFSs. f90 edges, represening causal

relationships between variables that can be direct or indirect. A key feature of causal networks is discoverability,

1R kiR en MuikH16: proeQlfy RrrdéaiglisR My QURIRRMGI ARG YGRS HMHULR fpmparison

method for integrated analysis of chemical and genomic information in the metabolic pathways. J.
StafdticdC hegtho3o st 3adLh, ihfeBSEel 186iscovery techniques are widely used in constructing causal
1R, € ATt I BRURR PSP RIS R, Ao, BIRICURAIARA! ora statistical
oSS 1R INFAETES R XPRSINNG YRR GRosRL§RSPRBINE IR LG BRLS hRlER: HUGLRA e 2

. . . . . . . . . . . @l
mfea@;qsygggﬂg@g;}nalyzmg correlation, causal direction, and mechanisms to infer causal relationships =2\,
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20. RKRdinos-Tarteartd eGuatonreniteljnt L(SHY) rahi starce c odrsk troodatith € DENgy statisics éthBydHoncausal

infeSofte/gRIGuPO B3, B3 AR 39EM is a multivariate statistical model that infers causal relationships among

PAR Tt A ) t\?gnrie'ﬁ“ggfc?e%”e%”aﬁbi?rﬁd VRIARTS ALY B RIES S B e R SR Ye
vaua ion Toolkit to Guide’ e eec 10N an onort beriniuon in Causal Interence. ar

or e&rr tign c efflc.|Le t"r(na{rle i V r It§ anifes cti% ten{ S/Iafmfx%st vana&les arleI *rectlx meas%able

Wh'fol ent Tgé%t()0442 SEM can analyze direct and indirect effects among multiple variables, as well as

relationships between variables and latent constructs 421[43],
22. Batushansky, A.; Toubiana, D.; Fait, A. Correlation-Based Network Generation, Visualization, and

Analysis as a Powerful Tool in Biological Studies: A Case Study in Caneer Cell Metabolism.
Biomed. Res. Int. 2016¥2016, 8313272. 2(t),

23. Nishihara, R.; Glags, K.; Miga, K.; Hamada, T.; Nowak, J.A.; Qi
E.L.; Fuchs, C.8.; Chan, A.T.;
tumor anato c location. BMC

Z.R.; Kraft, P.; Giovannucci,
t al. Biomarker correlation netygfk in colorecta] carcinoma by

inform. 2017, 18, 304.

A;« Y2 Z( t) '3(313
24. Kotze, H.L3 rmltage E.G,; Sharkey, K.J.; Allwood, J.W.3Dunn, W.B.; Williams, K.J.; Goodacre,

R. A novel untargeted metabolomics correlation-based network ana ﬂSIS incorporating human
metabolic reconstru . BMC Syst. Biol. 2013, 7, 107. CM

2BigliieeB, BOGeGrpRauAiYM. ndest,(BERI) @ox,AnhimthaagaPrivaerngationAaseg metworkdpresents the
ind&pentrrkesadittoverspiie ebesite Wibemeiaholiaisysdinme:) B Binstas ton2edfatd, &f Aetabolites at

Ztgn?lé'hagirdar S.; Suarez-Diez, M.; Saccenti, E. Simulation and Reconstruction of Metabolite-

2. é\/lg ?Plllte ASé%{:éaetc?M\ée% lfchHg&va I\/l(etabollc Dynamic Model and Correlation Based
Algorithms. J Proteome Res. 2019, 18, 1099-1113.
PP HYAHARTh BHARNC S HAEh ASRTBP YD N UREIBEIRNSFREIAC . Redirpisditiva Lty Srstanstiedratc
reagiafiold8m s 'R RHEHER U peibetfclea etk U e Pas A6 RINHaTE BHER SR RAMPOs T

andlgegggr_r@,a_[@n of metabolites. Metabolites, including proteins, nucleic acids, sugars, lipids, and more, are

chemical substances present within an organism. The complex metabolic network is formed by the biochemical

2Rl RSN 1 MABLRIS P ARG Sethy G8 RiaHARA o fm B 1 W RfoFrs BRIGAD 4]-Ad GGG,

und3 ARG ant i B TRHEIR i Crin Ao AL RIS GH U 8L RGPS A R UBLLY B MAREK SRR R orks

for AFARRIENNDY S ARRIDIGALSRAT S AR RISRCHNE RSRHGES AL HASHRENEF LS8 BH A APRERARAY s SC-
Rep. 2020, 10, 18074.

29. Kumari, S.; Nie, J.; Chen, H.S.; Ma, H.; Stewart, R.; Li, X.; Lu, M.Z.; Taylor, W.M.; Wei, H.
Evaluation of gene association methods for coexpression network construction and biological
knowledge discovery. PLoS ONE 2012, 7, e50411.

30. Allen, E.; Moing, A.; Ebbels, T.M.; Maucourt, M.; Tomos, A.D.; Rolin, D.; Hooks, M.A. Correlation
Network Analysis reveals a sequential reorganization of metabolic and transcriptional states
during germination and gene-metabolite relationships in developing seedlings of Arabidopsis.
BMC Syst. Biol. 2010, 4, 62.

31. Dyrba, M.; Mohammadi, R.; Grothe, M.J.; Kirste, T.; Teipel, S.J. Gaussian Graphical Models
Reveal Inter-Modal and Inter-Regional Conditional Dependencies of Brain Alterations in
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32. Krumsiek, J.; Suhre, K.; lllig, T.; Adgmski, J.; Theis, F.J. Gaussian graphical modeling reconstructs
pathway reactions from m%lh-throug put etabolomics data. ' LSyst. Biol. 2011, 5, 21.
: Bake Fan, M.; Hendrickson

33. Hackett, S.R.; Baltz, E.A, W'Wram B.J.; Kim,
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34. Perfetto, L.; Briganti, L.; @alge o‘-ﬁ" et annuyecglli, M.; Langjlourlrne, F.; Licata, L.;
Marinkovic, M.; Mattioni A}iﬁ".'r 1 GAIR al elationshlps
between bloloMen peS

Limolew: ---
35. Yao, L.Y.; Chu, ZX\ o \a al nference. ACM
Trans. Knowl. DisgowDats s _.,5-:_ i =
5 ---J‘lr'- 2 .‘
36. Nogueira, A.R.; Pugnana A.. ?o?% 4/ f‘%f <SG o =£§ - Mathdbls apd tools for causal
Tanal Chalesten %
discovery and caugal mfere&e W 57 [P ,'@E‘ |.m.,. DRYG M wmfs€ov. 2022, 12, e1449.
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37. Rosa, G.J.; Valenfé'"B-Bde'tee -’- YA *{':‘!“ pola, D.; Silva, M.A. Inferring causal

E&\‘:- Sel. Evol. 2011, 43, 6.

38. Friston, K. Dynamic cauSal modeling-and Granger cal prrments on: The identification of
. .  Toul Fayeme— . . .
interacting networks'ih’the brain using fMRI: Model selection, causality and deconvolution.

Neuroimage 2011, 58, 303—-305, author reply 310-311.
Figure 4. The metabolic network linking metabolic pathways and metabolites. Among them, blue represents

39, P ters J..Janzin ; Schol kcgg B..Causal inference on time series using restricted structural
nega Ve correlation; al red represents gositive correlation.

equation models. Adv. Neural Inf. Process. Syst. 2013, 26, 154-162.

40, 9RYYBINY MGIRRAE PN WY Ey IR AFRURTLAIEN MBS BAKFRAAIFESCARRI DA SN HBD SRRveen
chegueild fRAR LM EHEERRSHIodES. E¥NabPYPS)cHBIRSY, 35e ggraph and  stoichiometric  matrix

representations. Graph representations show topological connectivity using nodes for metabolites and edges for
A BRI GO 18 R BRI ANRR GRS USR8, RIH AU ARRSS 08 R H 2R aR kK A  rstanding
Jgrlrjaqg/uzll’réllgl; Ep%%avygy (%(r)ndp%léqgh r}defunc't_'ohE%Orrcr;rHtlalaorgdral?aﬁggasel\cse\évat E’;\l%elghl(hc usdo‘ EEES% I3 and
Met%l%yc [46] " Stoichiometric matrices numerically describe quantitative stoichiometries between reactions and
4etdnakte .HH rokeurog, ©IDNnkelldys KrOidghasinporheosmeansangtaticeurefdnoddds mpautaihzingehign,
inclpditiy Sarcisin Eoectiviodig), Rtehlacisoigialdoite @B ABiGE4-Ce0RNoN matrix-based databases include BiGG

[47] and Mode|SEED 8l
43. Friston, K.J. Functional and effective connectivity: A review. Brain Connect. 2011, 1, 13-36.

AMetWkprunirsuin, & coremgnig . ysad Kedhraglietionsof gldp siemmien atigrabsivgneteeike liter b ib patinkes dasibe.
Thiplgechmontetaednedysisoofd@ath-iwlateth patigwayeiexadt prespiEctivervaliviiaionit s M G éiely. 20R0ving
com@jt@®nal efficiency and design accuracy (491 The goal is to remove components that do not significantly

impact overall pathway performance reducing computational and optimization complexNy
45. Kanehisa, M.; Furumichi, M.; Tanabe; M.; Sato, Y.; Morishima, K. KEGG: New perspectives on
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48. Henry, C.S.; DeJongh, M.; Best, A.A.; Frybarger, P.M.; Linsay, B.; Stevens@R.L. High-throughput
generation, optimization and analysis of genome-scale metabdie models. Nat. Rgptechnol. 2010,

28, 977-982. ® ®

49. Wang, L.; D@sh, S.; Ng, C.Y.; Mard@a@O@. A review of compg@tational-tools for (%sign and
reconstructi® of metab thwalls @y@h. Syst. Biotechnol. 2017, 2, M3-252.
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50. Yamanishi,g; Araki, M.; ridge, A Honda, W.; Kanehisa, M. Prediction of drug-target
interaction networks from the integration échemical and g@pomic.spaces. Bioinformatics 2008,
24, 1232—igdey 2D database search ® ® °

51. Lo, Y.-C.; Torres, J.Z. Chemical similarity networks for drug !scove& Spec. Top. Drug Discov.
2016, 1, 53-70. Chemotype 2 Chemotype 3

52. Wale, N.; Watson, |.A.; Kar%/pls, G. Comparison of descriptor spaces for chemical compound
Figure 5. Chemijcal similarity networks. The reference compounds are identified from the bioactivity database
“retrieval and classification. Knowl. Inf. Syst. 2008, 14, 34/-375. _
using 2D similarity fingerprints of the query ligands. Then, the identified compounds are further clustered into

SchdnticdBsirfilaatds brieXiatksWaskt W réiiredentdin@gshénrayfrenanca Errivatien dl Bl fitgreedrépt et
quedllighamse Shianttas ity etaed scprsdeibtakisieervibgndotraem. Inf. Model. 2012, 52, 1103-1113.

54. Willett, P. Similarity searching using 2D structural fingerprints. Methods Mol. Biol. 2011, 672, 133—
Cheirgg:al structure descriptors play a key role in constructing metabolic networks. Chemical structure descriptors

are numerical representation methods used to describe the structural characteristics of compounds 22, Commonly
Siscdagnemitdl; RAGTurA. deipptgerifcl Vi s ZanivpterBafaanngBRiaRE e chaisaifsisngerptidmical
findeaseisshil sy el dationsdclafeharmiatonaties2B0dfucturd information of compounds, incorporating

S A R AR PR N Y RPN RO AL T I SHHSHES i CREFn BT Ofmidifs B igHiye the
sm&g%\%pgn%ﬁ@ﬁ%@% %‘béﬁ%&gﬁﬁ@!%é@@i@i 5_4. The Tanimoto index calculates shared features

between 2D fingerprints to quantify similarity on a 0 to 1 scale, where values nearer 1 indicate higher similarity 24
54 Willett, P. Similarity-based data mining in files of two-dimensional chemical structures using

fingerprint measures of molecular resemblance. Wiley Interdiscip. Rev. Data Min. Knowl. Discov.

Thré@timdnsidiat2hdmical fingerprints are feature vectors generated based on the three-dimensional structural

SBIHRRI" EhrGARRPUN SR n &b A ALt AL R B ORErctROR R d RS A AR G E g B RVREY 30
Chaé%‘&%‘é%ﬁc%fﬁ@#ﬁ“ﬁ%tB‘?s%%\Fh%%@' ﬁa@%rpﬁlgt ﬂwﬂﬁ‘dfss among compounds, their structural similarity

can be evaluated 8. Euclidean distance evaluates the differences between 3D fingerprint vectors and is used to

2kt RATEROhiKri NAMAL e ok Gist RO Kneh M MBS/ Snfiariky80g. L. Lingampelly, S.S.; Naviaux,

R.K.; Chambers, C. Metabolomic and exposomic biomarkers of risk of future neurodevelopmental
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60. Judge, A.; Dodd, M S. Met boI(ijsm. Essalys Bioqherﬂ. 2020, 64, 607-647. .
Metabofites are” moré closely related to an organism’s phenotyp€ than genes and proteins. Moreover, the

6helavagencfseiéanatactpdify Holeleialyolhonidabwaitig . dmndndyclgee tiahel Sysiems Bid logysdiplbiiekyeven
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med24&fully Biiaracterized by the metabolic state of the human cells, tissues, organs, and the organism as a whole
A N Sy s N g e A Ny
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towards efficiently treating and diagnosing these complex diseases. However, metabolism involves countless
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GRACHIGIRB, PAENOSIE IRHBYITIEEPVeBosta, L.D.F.; Quiles, M.G. A biochemical network modeling of a

whole-cell. Sci. Rep. 2020, 10, 13303.
A metabolic network is a complex system of hundreds of metabolites and their interactions involved in energy
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metabolic networks. Biosystems 2011, 105, 109-121.
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187-190.
Firstly, a strategy to compare metabolic networks in disease states and normal states followed by identifying
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ThettddRMBhdIes RBfedepaprhilaoneeibsidamfansughaiked onebraskabalysisaincans #iblitaiiendactions
hav BEIP0AEs 6EIBIEE Aithth iR DRIr2EblIBIaP 2dmbarthents and further grouped into pathways. Certain metabolic
AR TR e lehroles EoRpcuiar dsgitper  PMSIRIONTR! NASaLIR RRWRBne (BpbRey Palugs s
esspRfiRl PGP RREPY RYYRIRRESBAIgISS 5 UiMSRRL PSR TSRO Bios ARG PAsavay
databases. Network topology and metabolite flow analysis identify pathways and regulation implicated in

7&tﬁ6‘§3ﬂ§§is?éﬁ+p§§%bﬁoﬁnémly&cg‘éﬂ%ﬁqq spcietal igelieations of the diabetes epidemic.
Nature 2001, 414, 782—-787.

7HOIBHRE LB RASSOHER, PS. PES T, P TACERU SBITRAT eSS K fer "ROE AR B AV RARS D) U BUgransport

e e T B R e AR BN I PRS S A YRISF R BRI WAL 19 BIASINES T PEO s S88B N

ceIIéJJ_ZZO].. The close interaction between metabolic networks and signal transduction networks can help reveal how

metabolic abnormalities affect signal transduction and further understand the pathogenesis of diseases 4],
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T9etapelidvhetydikvangySdHa|s¥umrp@dBs, daondd&adtannndD ffr Aleradhibradladidihgraparnity ghendycimivd,
genatabaiic nettveokkdiatananeedefphpijoo dam pespafies e xposiidd onacuidesittes sceSthare Th2O Ry rbZes
effe88Bmness and reduces side effects. Type 2 diabetes mellitus (T2DM) is recognized as one of the main threats

fg.r\xfgﬁnﬁ.]ﬁﬁhl(hg‘,W;zﬁls,t%r@d?”\?r‘fﬁr 2E%ioma I(':éxrrin et%%%“cca ion based on sample network

optimization. Methods 2023, 213, 42-49. - .
The gstg})ﬁég}\ment an so|mulat90n of a meta o?lc network model can be beneficial to understand the pathogenesis

7at. ditea¥esZ Rai-dmizhdag, iNegraiog, Has BhitrdyndmiC henig)d_sildeatifigipgttiesases relatadte changes in
disenstdBliessingdan day predict Bidéa & pinfipessidf) 18,5285 fHEGapeutic efficacy, and further inform drug

7%6.\/6'&3(1?92?;%& J. Prediction of disease-related metabolites using bi-random walks. PLoS ONE 2019,

3.21.4Meec{%1 5§ﬁ8'Networks in Disease Prediction and Diagnosis
79. Baumgartner, C.; Spath-Blass, V.; Niederkofler, V.; Bergmoser, K.; Langthaler, S.; Lassnig, A.;
MeRRAMORBIOTKS BRYPng5h ER BNIASAaMFSRSCRURSUGHRN RME. AaAH08Isn MRGR IS 88 A p AT FoFan
idepfibcERRMIGS HYREHARO HictaBEH BT rRErRIATE YA Y gidRelseS BY &SN fasopted with

spestissligpages. Biomarkers refer to biochemical indicators, which can signify possible changes in the function or
structure of cells, tissues, organs, and systems. They are discriminant features related to the onset and
B obieLSion o uleERATIRNNALABAHIS e ~NE beliVisdke - Bl drier M RIS ML G A D A e ase
Ml SR Ik S Ok o T SRR A O GR R I S MY B R ARG B DAL R &Y p SRRGE! 898 By

corr?&agﬁgzt%é metabolic profiles of diseased and healthy groups, metabolite pairs that change during disease

8ansdillend< privetasion G, Peofilimgfiedtaisiie netvetksidotsturdihoaeesisnatdbetiomm. BSusar@piliagnosis
bioBivkechpolorxe/EBapng BeaBaent efficacy L7,

85 R B R0 AR 0 Re M BRI QUGS Bh SHRLEIES (R BRI BN i LR RN SRS THEYS! Bsea
pat%H%%@cﬁﬂg téllg%lziﬁk%%%?er igﬁ\yedglfl%igé%%gvggé [a)lFl %B%%ﬁg%tﬂ;oggs%égt%é’vai (::L()?gln_it:llv%zfunction. Based
831 Shaketd!ionadbererdmddeAnotiry, NiedaaraedRit\RansEsSEeMe @isbliteNeoiork Preidictida afnfirm
targBte@ Smés@ﬁettlg_agmui&/@p,r ZM®ipep9listb3e (AD) patient subgroups. Recently, a bi-random walks

method predicted disease—metabolite assqciations b executinq_the algorithm on reconstructed netwgrks [8l,
84. Karta, J.; Bossicard, Y.; Kotzamanis, K.; Dolznig, H.; Letellier, E. Mapping the Metabolic Networks

Furme-lr_r%g]rg,r %gllasogﬁ]cdr%vvgr%r'ﬁ% y%clzslag:%ﬂ I[:)Ir%r &ladlsstgas%eg‘?oapezs%ro%p’B%/Oghalyzing dynamic changes in

8Berbaliadirtydi; Maleshice SAcBiradicihalpfsicittans of agpHsaonl asncedse tifec prestabsiio naBvank
posﬁbldew_tqprmgrﬁéld,ﬂlrdfommp@au@, di8ed@%:-40currence mechanisms and provides important guidance for

disease treatment and intervention. . .
86. Lewis, N.E.; Abdel-Haleem, A.M. The evolution of genome-scale models of cancer metabolism.

Meé%%% r%@ glrglar%a ):ll's?fs él’a%g’ Zlh important role in cancer research. Tumors reprogram biochemical pathways to

grompfElippeyNateCordirgboytR arDaauridva) E2. MetainlicDnet@Gartyliaciltatesmtiendisvhyadbef ghivficLmetabolic
deperdenc@s Feoaiisgimcancess Bdr inetabolitexantirireiplidtishiss ietemeoifiv cwestaigebasspressidelsind
me@@hguto@olh@p@amﬂa[m&im,vmj biomarkers and drug targets with therapeutic and prognostic value.

gf%d?nﬁqu«?)ea’ W&%%&;Fggﬂwwng, N.; Nookaew, I.; Nielsen, J. Reconstruction

of genome-scale active metabolic networks for 69 human cell types and 16 cancer types using
INIT. PLoS Comput. Biol. 2012, 8, e1002518.
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Retddiddriromdiitpslite neyelope dinghytife itag Nirtoopsh@m/ 188&8kb@ble tool for drug discovery and development.
Studying metabolic networks allows researchers to predict a drug’s mechanism of action and metabolic fate 2,
Advances in systems biology enable the prediction of functional effects of system perturbations using large-scale
network models. The topological features of metabolic networks confer flexibility and robustness to complex
biosystems. And in general, they may explain why many drug candidates are ineffective and why unexpected
severe side effects happen [B3l. Understanding these network properties is essential for rational drug design to
improve efficacy and reduce adverse effects. Metabolic network models have been applied to simulate drug

treatment and predict side effects.

Another advantage of metabolic network analysis is the ability to narrow down putative drug targets for in vitro
validation, reducing reliance on expensive and time-consuming experimental approaches 4. By analyzing crucial
nodes and regulatory pathways in metabolic networks, key molecules in disease processes can be identified as
potential therapeutic targets or lead compounds. These may include important metabolic regulators, bottleneck
enzymes, and transporters, or disease-associated metabolites. Recent years, modeling cancer metabolism has
been widely used in metabolic networks 83, Tissue-specific and generic models have allowed prediction of drug
targets in cancers 8871 Comparing healthy metabolic networks and cancer networks reveal cancer-specific

features which could be potential pan-cancer targets 88,

| 4. Conclusions

In summary, further advancement in metabolic network analysis will require a multifaceted research effort. As
technology continues to progress and in-depth studies elucidate the complexities of metabolic systems, metabolic
network models can be expected to improve dramatically. Ongoing refinements in areas such as individualized
network construction, the integration of diverse omics data, and the elucidation of shared network dysregulation
among diseases will ultimately enhance the utility of metabolic networks across a wide range of biomedical
applications. The future is promising for metabolic network analysis to fulfill its potential in accelerating disease

prediction, diagnosis, prognosis, and precise treatment.
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