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Whole-cell modeling. 

A whole-cell computational model predicts phenotype from genotype.  
Karr JR, et al. Cell. 2012 Jul 20;150(2):389-401. doi: 10.1016/j.cell.2012.05.044 
 
Why build whole-cell models?  
Carrera J, Covert MW. Trends Cell Biol. 2015 Dec;25(12):719-722. doi: 10.1016/j.tcb.2015.09.004 
 
Simultaneous cross-evaluation of heterogeneous E. coli datasets via mechanistic simulation.  
Macklin DN, et al. Science. 2020 Jul 24;369(6502):eaav3751. doi: 10.1126/science.aav3751 
 
 

Biotechnological applications of flux balance analysis (FBA). 

Using genome-scale models to predict biological capabilities.  
O'Brien EJ et al. Cell. 2015 May 21;161(5):971-987. doi: 10.1016/j.cell.2015.05.019 
 
Use of genome-scale microbial models for metabolic engineering.  
Patil KR, Akesson M, Nielsen J. Curr Opin Biotechnol. 2004 Feb;15(1):64-9. doi: 
10.1016/j.copbio.2003.11.003 
 
In silico constraint-based strain optimization methods: the quest for optimal cell factories.  
Maia P, Rocha M, Rocha I. Microbiol Mol Biol Rev. 2015 Nov 25;80(1):45-67. doi: 
10.1128/MMBR.00014-15. 
 

 

Coarse-grained resource allocation models. 

Bacterial growth laws and their applications.  
Scott M, Hwa T. Curr Opin Biotechnol. 2011 Aug;22(4):559-65 
 

Emergence of robust growth laws from optimal regulation of ribosome synthesis.  
Scott M, Klumpp S, Mateescu EM, Hwa T. Mol Syst Biol. 2014 Aug 22;10(8):747. doi: 
10.15252/msb.20145379 
 
Dynamical allocation of cellular resources as an optimal control problem: Novel insights into 
microbial growth strategies.  
Giordano N, Mairet F, Gouzé JL, Geiselmann J, de Jong H. PLoS Comput Biol. 2016 Mar 
9;12(3):e1004802. doi: 10.1371/journal.pcbi.1004802 
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Resource balance analysis (RBA) and other resource allocation variants of FBA. 

Bacterial growth rate reflects a bottleneck in resource allocation.  
Goelzer A, Fromion V. Biochim Biophys Acta. 2011 Oct;1810(10):978-88. doi: 
10.1016/j.bbagen.2011.05.014 
 
Genome-scale models of metabolism and gene expression extend and refine growth phenotype 
prediction.  
O'Brien EJ, Lerman JA, Chang RL, Hyduke DR, Palsson BØ. Mol Syst Biol. 2013 Oct 1;9:693. doi: 
10.1038/msb.2013.52 
 
Dynamic optimization of metabolic networks coupled with gene expression.  
Waldherr S, Oyarzún DA, Bockmayr A. J Theor Biol. 2015 Jan 21;365:469-85. doi: 
10.1016/j.jtbi.2014.10.035.  
 

 

Feedback control of synthetic networks. 

Long-term model predictive control of gene expression at the population and single-cell levels.  
Uhlendorf J, Miermont A, Delaveau T, Charvin G, Fages F, Bottani S, Batt G, Hersen P. Proc Natl Acad 
Sci U S A. 2012 Aug 28;109(35):14271-6. doi: 10.1073/pnas.1206810109 
 
Automated optogenetic feedback control for precise and robust regulation of gene expression and 
cell growth.  
Milias-Argeitis A, Rullan M, Aoki SK, Buchmann P, Khammash M. Nat Commun. 2016 Aug 26;7:12546. 
doi: 10.1038/ncomms12546 
 
In-vivo real-time control of protein expression from endogenous and synthetic gene networks.  
Menolascina F, Fiore G, Orabona E, De Stefano L, Ferry M, Hasty J, di Bernardo M, di Bernardo D. 
PLoS Comput Biol. 2014 May 15;10(5):e1003625. doi: 10.1371/journal.pcbi.1003625 
 
 
 

Model checking of biological networks. 

Logical model specification aided by model-checking techniques: application to the mammalian cell 
cycle regulation.  
Traynard P, Fauré A, Fages F, Thieffry D. Bioinformatics. 2016 Sep 1;32(17):i772-i780. doi: 
10.1093/bioinformatics/btw457 
 
An overview of existing modeling tools making use of model checking in the analysis of biochemical 
networks.  
Carrillo M, Góngora PA, Rosenblueth DA. Front Plant Sci. 2012 Jul 20;3:155. doi: 
10.3389/fpls.2012.00155 
 
Temporal logic patterns for querying dynamic models of cellular interaction networks.  
Monteiro PT, Ropers D, Mateescu R, Freitas AT, de Jong H. Bioinformatics. 2008 Aug 15;24(16):i227-
33. doi: 10.1093/bioinformatics/btn275 
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Evolution of regulatory networks. 

Comparative analysis of gene regulatory networks: from network reconstruction to evolution.  
Thompson D, Regev A, Roy S. Annu Rev Cell Dev Biol. 2015;31:399-428. doi: 10.1146/annurev-cellbio-
100913-012908 
 
The rewiring of transcription circuits in evolution. Johnson AD. Curr Opin Genet Dev. 2017 
Dec;47:121-127. doi: 10.1016/j.gde.2017.09.004. 
 
The causes of evolvability and their evolution.  
Payne JL, Wagner A. Nat Rev Genet. 2019 Jan;20(1):24-38. doi: 10.1038/s41576-018-0069-z 
 
 

Machine learning approaches for the modeling and inference of biological networks. 

Predicting the evolution of Escherichia coli by a data-driven approach.   

Wang X, Zorraquino V, Kim M, Tsoukalas A, Tagkopoulos I. Nat Commun. 2018 Sep 3;9(1):3562. doi: 

10.1038/s41467-018-05807-z 

Next-generation machine learning for biological networks.   

Camacho DM, Collins KM, Powers RK, Costello JC, Collins JJ. Cell. 2018 Jun 14;173(7):1581-1592. doi: 

10.1016/j.cell.2018.05.015. Epub 2018 Jun 7 

A mechanism-aware and multiomic machine-learning pipeline characterizes yeast cell growth.   

Culley C, Vijayakumar S, Zampieri G, Angione C. Proc Natl Acad Sci U S A. 2020 Aug 4;117(31):18869-

18879. doi: 10.1073/pnas.2002959117 

 

Acceleration of stochastic simulation using parallel computing. 

Stochastic simulation of chemical kinetics.   

Gillespie DT. Annu Rev Phys Chem. 2007;58:35-55. doi: 

10.1146/annurev.physchem.58.032806.104637 

GPU accelerated biochemical network simulation.   

Zhou Y, Liepe J, Sheng X, Stumpf MP, Barnes C. Bioinformatics. 2011 Mar 15;27(6):874-6. doi: 

10.1093/bioinformatics/btr015 

Graphics processing units in bioinformatics, computational biology and systems biology.   

Nobile MS, Cazzaniga P, Tangherloni A, Besozzi D. Brief Bioinform. 2017 Sep 1;18(5):870-885. doi: 

10.1093/bib/bbw058 

 

 

Scaling up the stochastic analysis of regulatory networks using Finite State Projection (FSP). 

Stochastic simulation of chemical kinetics.   

Gillespie DT. Annu Rev Phys Chem. 2007;58:35-55. doi: 

10.1146/annurev.physchem.58.032806.104637 

A finite state projection algorithm for the stationary solution of the chemical master equation.  
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Gupta A, Mikelson J, Khammash M. J Chem Phys. 2017 Oct 21;147(15):154101. doi: 
10.1063/1.500648 
 
A finite state projection method for steady-state sensitivity analysis of stochastic reaction networks.  
Dürrenberger P, Gupta A, Khammash M. J Chem Phys. 2019 Apr 7;150(13):134101. doi: 
10.1063/1.5085271. 

 

 
 

Automated design of synthetic networks. 

Genetic circuit design automation.   

Nielsen AA, Der BS, Shin J, Vaidyanathan P, Paralanov V, Strychalski EA, Ross D, Densmore D, Voigt 

CA. Science. 2016 Apr 1;352(6281):aac7341. doi: 10.1126/science.aac7341 

Reinforcement Learning for bioretrosynthesis.   

Koch M, Duigou T, Faulon JL. ACS Synth Biol. 2020 Jan 17;9(1):157-168. doi: 

10.1021/acssynbio.9b00447. 

An automated Design-Build-Test-Learn pipeline for enhanced microbial production of fine chemicals. 

Carbonell P, et al. Commun Biol. 2018 Jun 8;1:66. doi: 10.1038/s42003-018-0076-9. 

 

 

Simulation of cellular processes on the single-molecule level. 

Smoldyn: particle-based simulation with rule-based modeling, improved molecular interaction and a 

library interface.   

Andrews SS. Bioinformatics. 2017 Mar 1;33(5):710-717. doi: 10.1093/bioinformatics/btw700 

Stochastic simulation of chemical reactions with spatial resolution and single molecule detail. 

Andrews SS, Bray D. Phys Biol. 2004 Dec;1(3-4):137-51. doi: 10.1088/1478-3967/1/3/001 

Localization of protein aggregation in Escherichia coli is governed by diffusion and nucleoid 

macromolecular crowding effect.   

Coquel AS, et al. PLoS Comput Biol. 2013 Apr;9(4):e1003038. doi: 10.1371/journal.pcbi.1003038 

 

Modelling communities of microorganisms. 

Constraint-based stoichiometric modelling from single organisms to microbial communities.  
Gottstein W, Olivier BG, Bruggeman FJ, Teusink B. J R Soc Interface. 2016 Nov;13(124):20160627. doi: 
10.1098/rsif.2016.0627 
 
Enhanced production of heterologous proteins by a synthetic microbial community: Conditions and 

trade-offs.   

Mauri M, et al. PLoS Comput Biol. 2020 Apr 13;16(4):e1007795. doi: 10.1371/journal.pcbi.1007795 

Synthetic Ecology of Microbes: Mathematical Models and Applications.   

Zomorrodi AR, Segrè D. J Mol Biol. 2016 Feb 27;428(5 Pt B):837-61. doi: 10.1016/j.jmb.2015.10.019 
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Large-scale modeling of signaling networks using Boolean logic. 

Discrete logic modelling as a means to link protein signalling networks with functional analysis of 

mammalian signal transduction.   

Saez-Rodriguez J, Alexopoulos LG, Epperlein J, Samaga R, Lauffenburger DA, Klamt S, Sorger PK. Mol 

Syst Biol. 2009;5:331. doi: 10.1038/msb.2009.87 

Logical modeling and dynamical analysis of cellular networks.  

 Abou-Jaoudé W, Traynard P, Monteiro PT, Saez-Rodriguez J, Helikar T, Thieffry D, Chaouiya C. Front 

Genet. 2016 May 31;7:94. doi: 10.3389/fgene.2016.00094 

Cooperation between T cell receptor and Toll-like receptor 5 signaling for CD4+ T cell activation.  

Rodríguez-Jorge O, Kempis-Calanis LA, Abou-Jaoudé W, Gutiérrez-Reyna DY, Hernandez C, Ramirez-

Pliego O, Thomas-Chollier M, Spicuglia S, Santana MA, Thieffry D. Sci Signal. 2019 Apr 

16;12(577):eaar3641. doi: 10.1126/scisignal.aar3641 

 

 

Experimental design for predicting the most informative experiments. 

Model selection in systems biology depends on experimental design.   

Silk D, Kirk PD, Barnes CP, Toni T, Stumpf MP. PLoS Comput Biol. 2014 Jun 12;10(6):e1003650. doi: 

10.1371/journal.pcbi.1003650 

Maximizing the information content of experiments in systems biology.   

Liepe J, Filippi S, Komorowski M, Stumpf MP. PLoS Comput Biol. 2013;9(1):e1002888. doi: 

10.1371/journal.pcbi.1002888 

Systems biology: experimental design.   

Kreutz C, Timmer J. FEBS J. 2009 Feb;276(4):923-42. doi: 10.1111/j.1742-4658.2008.06843.x 

 

 

Tracking individual cells using image analysis and machine learning. 

Monitoring single-cell gene regulation under dynamically controllable conditions with integrated 

microfluidics and software.   

Kaiser M, Jug F, Julou T, Deshpande S, Pfohl T, Silander OK, Myers G, van Nimwegen E. Nat Commun. 

2018 Jan 15;9(1):212. doi: 10.1038/s41467-017-02505-0 

Deep learning automates the quantitative analysis of individual cells in live-cell imaging experiments.  

Van Valen DA, Kudo T, Lane KM, Macklin DN, Quach NT, DeFelice MM, Maayan I, Tanouchi Y, Ashley 

EA, Covert MW. PLoS Comput Biol. 2016 Nov 4;12(11):e1005177. doi: 10.1371/journal.pcbi.1005177 

High-throughput detection and tracking of cells and intracellular spots in mother machine 

experiments.   

Ollion J, Elez M, Robert L. Nat Protoc. 2019 Nov;14(11):3144-3161. doi: 10.1038/s41596-019-0216-9. 

Epub 2019 Sep 25. 
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