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Many genome-scale models of metabolism [GSMs] have been constructed to study the effects of changing native gene expression

on its metabolism. Kinetic models of metabolism [KMs] can be a useful tool to study the effects of transgenes and regulations on the

time-course metabolic profile of the host. However, the availability of KMs is substantially lesser with smaller scope than GSMs. A

possibility is to generate KMs from GSMs but such tool is not available. Here, we present a converter to convert substrate-product

pairs in GSM rate laws to enzyme kinetic equations in KM using default enzyme kinetics. Our testing results suggests that simulatable

KMs can be successfully generated from GSMs to generate time-course metabolic profiles.
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Introduction

Mathematical modelling and simulation is an important tool
to understand the behaviour of biological systems for metabolic
engineering [1], systems biology [2,3], and synthetic biology [4-
7]. Genome-scale models [GSMs, also known as constraint-based
models] and kinetic models [KMs] are the two main modelling
approaches [8,9]. GSMs are steady-state stoichiometric models
which lacks enzymatic regulation [10] and difficult to add genes
[transgenes] into the system as its original purpose is to evalu-
ate changes in native gene expression on its metabolism [11,12].
However, there are many GSMs. On the other hand, kinetic models
[KMs] can have regulation and is much easier to add transgenes.
Since, the first GSM was for Haemophilus influenzae RD [13], GSMs
have been reconstructed for 6239 organisms [5897 bacteria, 127
archaea, and 215 eukaryotes] with numerous applications by Feb-
ruary 2019 [11]. However, the number of KMs available is much
smaller and simpler than GSMs [9]. Hence, the metabolic engineer-
ing industry is calling for whole cell KMs of metabolism [10,14].

One of the ways to implement draft KMs is by converting the
substrate and products of each rate law [15] in GSMs to enzyme
kinetic equations in KMs but such tool is not available. In this study,
we present a tool to convert reactions in GSMs to KM using default
enzyme kinetics and incorporated this tool into AdvanceSyn Tool-
kit [8]. Tested on GSM models; e_coli_core [16], iAF1260 [17] and
Recon3D [18]; we achieved the conversion of simulatable GSMs to

simulatable KMs.

Implementation

Cameo [19] is utilised via AdvanceSyn Toolkit [8] to read and
extract individual reaction string of the target GSM into Python
pandas dataframe [20], where the reaction string is processed into
reactants, products and enzyme, before converting into an Advanc-
eSyn Model [ASM] specification is based on Antimony language
[21], which is both modular and compatible with AdvanceSyn
Toolkit [8]. The set of reactants and products form the metabolite
list, which is converted into the objects section of ASM specifica-

tion. The initials section of ASM specification consists of the initial
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concentrations of metabolites, which were defaulted to 10 uM. The
variables section of the ASM specification defines the concentra-
tions, k_, [turnover number] and K_ [Michaelis-Menten constant]
of the enzymes, which were defaulted to 1 uM, 13.7 per second and
130 uM respectively. The default k  and K _values were median
values from a survey of more than 1000 enzymes by Bar-Even., et
al. [22]. All four default values [concentrations of metabolites and
enzymes, and k_ and K _of enzymes] could be changed by the user
during model conversion. The reaction section of the ASM specifi-
cation consists of a list of reaction steps where each reaction step is
then represented by Michaelis-Menten type rate law [23] extended

keat(enzyme) Y(substrate) i

for multiple substrates in the form of .
Km+(enzyme) L(substrate)

chaelis-Menten type rate law [23] had been used for many kinetic
models of biochemical reactions [24-28], which had been shown
to be a suitable approximation for biochemical system modelling
[15,29,30] and was used for all reactions in a whole-cell Kkinetic
model of Saccharomyces cerevisiae [31]; hence, considered to be a
suitable default choice for biochemical rate laws [32]. This enables
subsequent generation simulatable ordinary differential equations
where the concentration of each metabolite over time is modelled

d(metabolite .
s % =YY production; — ¥\, usage; and each produc-

tion and usage term represent a reaction step.

60
Testing the converter

Three GSM models; e_coli_core [16],iAF1260 [17], and Recon3D
[18]; were used to test the implemented converter. Model e_coli_
core [16], is a subset of iAF1260 [17], which containing only the
central metabolism of E. coli [16], is often used for tool testing [33-
35] as it is the smallest GSM model in BiGG database [36] in terms
of number of metabolites, reactions, or genes. Hence, e_coli_core
can be used to test the functionality of the implemented convert-
er. On the other hand, iAF1260 [17] consisting 1668 metabolites,
2382 reactions, and 1261 genes and Recon3D [18], the largest GSM
in BiGG database [36] in terms of number of metabolites, reactions
and genes [5835 metabolites, 10600 reactions, 2248 genes], are
substantially larger models and can be used to test the scalability

of our implemented GSM to KM converter.

Tested on e_coli_core [16], our results suggest that a GSM model
can be successfully converted into kinetic model [Figure 1], which
is simulatable using AdvanceSyn Toolkit [8] as 67 of the 72 me-
tabolites [93%] illustrated concentrations different from the initial
concentration of 10 uM after 6 hours simulation time [Figure 2].
This suggests that the required functionality of our implemented
GSM to KM converter is met. Our results also show that iAF1260
[17] can be converted and simulated to produce time-course me-
tabolite concentrations [Figure 3], suggesting that our GSM to KM

converter can be used to convert larger GSM models.

Figure 1: Reaction network for e_coli_core [16] model. Each reaction is modelled in Cytoscape [41] as a multi-step reaction where all

reactants are aggregated into a reaction substrate complex (rNs) before metabolizing into a reaction product complex (rNp), which

is used to form the products. The “N” in rNs and rNp refers to reaction number. Metabolite X (labelled yellow) represents the product

of pseudo-reactions [42] in GSMs (for example, reactions with substrate but without product), such as fumarate exchange (EX_fum_e)

which is coded as “fum_e ="
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Figure 2: Concentrations of metabolites simulated from kinetic model converted from e_coli_core [16] model at 6 hours. Red bars repre-
sent metabolites with concentration higher than initial concentration of 10 uM while green bars represent metabolites with concentra-

tion lower than initial concentration of 10 uM. Yellow bars represent metabolites with no change in concentration after 6 hours.

Figure 3: Sample of time-course metabolite concentrations simulated from kinetic models converted from iAF1260 [17] and Recon3D
[18] models over 6 hours. Panels A and B shows a sample of metabolic profiles from simulating the kinetic models converted from

iAF1260 and Recon3D, respectively.
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Overall, our testing results suggests that our GSM to KM con-
verter can automatically convert GSMs to KMs. This is similar to
that of AutoKEGGRec [37], which generates draft GSM models from
KEGG pathway maps [38,39], and CarveMe [40], which generates
draft GSM models from annotated genomes. Thus, completing the
toolchain from pathway maps or annotated genomes to KMs via
GSMs.

Conclusion

We present a tool to convert reactions in GSMs to KMs by con-
verting the substrate and products of each rate law [15] in GSMs
to enzyme kinetic equations in KMs using default enzyme kinetics
and incorporated this tool into AdvanceSyn Toolkit [8], and tested
the conversion of simulatable GSMs to simulatable KMs.

Supplementary Materials

Data files for this study can be downloaded from http://bit.ly/
GSM_to_KM.

Data Availability

The conversion tool presented in this manuscript is incorporat-
ed and can be found in AdvanceSyn Toolkit [https://github.com/

mauriceling/advancesyntoolKkit].

Conflict of Interest

Maurice Ling is a director of AdvanceSyn Private Limited and
AdvanceSyn Toolkit is employed in consultancy services offered
by the company. Nabil Amir-Hamzah, and Zhi Jue Kuan declare no

conflict of interest.

Acknowledgement

This work was conducted as part of the Temasek Polytechnic
School of Applied Science Differential Research Project under the
Student Project fund (TP_PR1052).

Bibliography

1. Kim OD,, et al. “A Review of Dynamic Modeling Approaches
and Their Application in Computational Strain Optimization
for Metabolic Engineering”. Frontiers in Microbiology 9 (2018):
1690.

2. Eissing T. “A Computational Systems Biology Software Plat-
form for Multiscale Modeling and Simulation: Integrating
Whole-Body Physiology, Disease Biology, and Molecular Reac-
tion Networks”. Frontiers in Physiology 2 (2011): 4.

3. Ji Z, et al. “Mathematical and Computational Modeling in
Complex Biological Systems”. BioMed Research International
(2017): 1-16.

10.

11.

12.

13.

14.

15.

16.

17.

62
Bhat NG and Balaji S. “Whole-Cell Modeling and Simulation: A
Brief Survey”. New Gener Comput 38.1 (2020): 259-281.

Endler L., et al. “Designing and Encoding Models for Synthetic
Biology”. Journal of the Royal Society Interface 6 (2009): S405-
417.

Wang H.,, et al. “Two Cellular Resource-Based Models Linking
Growth and Parts Characteristics Aids the Study and Opti-
misation of Synthetic Gene Circuits”. Engineering Biology 1.1
(2017): 30-39.

Wong A and Ling MHT. “Characterization of Transcriptional
Activities”. In: Encyclopedia of Bioinformatics and Computa-
tional Biology. Elsevier (2019): 830-41.

Ling MH. “AdvanceSyn Toolkit: An Open Source Suite for Model
Development and Analysis in Biological Engineering”. MOJ Pro-
teomics and Bioinformatics 9.4 (2020): 83-86.

Richelle A, et al. “Towards a Widespread Adoption of Meta-
bolic Modeling Tools in Biopharmaceutical Industry: A Process
Systems Biology Engineering Perspective”. npj Systems Biology
and Applications 6.1 (2020): 6.

Srinivasan S., et al. “Constructing Kinetic Models of Metabo-
lism at Genome-Scales: A Review”. Biotechnology Journal 10.9
(2015): 1345-1359.

Gu C,, et al. “Current Status and Applications of Genome-Scale
Metabolic Models”. Genome Biology 20.1 (2019): 121.

O’Brien EJ., et al. “Using Genome-scale Models to Predict Bio-
logical Capabilities”. Cell 161.5 (2015): 971-987.

Edwards ]S and Palsson BO. “Systems Properties of the Hae-
mophilus influenzae Rd Metabolic Genotype”. Journal of Bio-
logical Chemistry 274.25 (1999): 17410-17416.

Helmy M, et al. “Systems Biology Approaches Integrated with
Artificial Intelligence for Optimized Metabolic Engineering”.
Metabolic Engineering Communications 11 (2020): e00149.

Du B, et al. “Evaluation of Rate Law Approximations in Bot-
tom-Up Kinetic Models of Metabolism”. BMC Systems Biology
10.1 (2016): 40.

Orth J., et al. “Reconstruction and Use of Microbial Metabolic
Networks: the Core Escherichia coli Metabolic Model as an
Educational Guide”. EcoSal Plus 4.1 (2010): ecosalplus.10.2.1.

Feist AM,, et al. “A Genome-Scale Metabolic Reconstruction for
Escherichia coli K-12 MG1655 that Accounts for 1260 ORFs
and Thermodynamic Information”. Molecular Systems Biology
3(2007): 121.

Citation: Maurice HT Ling, et al. “Kinetic Models with Default Enzyme Kinetics from Genome-scale Models". Acta Scientific Computer Sciences 4.1 (2022):

59-63.


https://europepmc.org/article/MED/30108559
https://europepmc.org/article/MED/30108559
https://europepmc.org/article/MED/30108559
https://europepmc.org/article/MED/30108559
https://pubmed.ncbi.nlm.nih.gov/21483730/
https://pubmed.ncbi.nlm.nih.gov/21483730/
https://pubmed.ncbi.nlm.nih.gov/21483730/
https://pubmed.ncbi.nlm.nih.gov/21483730/
https://pubmed.ncbi.nlm.nih.gov/28386558/
https://pubmed.ncbi.nlm.nih.gov/28386558/
https://pubmed.ncbi.nlm.nih.gov/28386558/
https://www.researchgate.net/publication/335127614_Whole-Cell_Modeling_and_Simulation_A_Brief_Survey
https://www.researchgate.net/publication/335127614_Whole-Cell_Modeling_and_Simulation_A_Brief_Survey
https://www.researchgate.net/publication/24275964_Designing_and_encoding_models_for_synthetic_biology
https://www.researchgate.net/publication/24275964_Designing_and_encoding_models_for_synthetic_biology
https://www.researchgate.net/publication/24275964_Designing_and_encoding_models_for_synthetic_biology
https://ietresearch.onlinelibrary.wiley.com/doi/10.1049/enb.2017.0005
https://ietresearch.onlinelibrary.wiley.com/doi/10.1049/enb.2017.0005
https://ietresearch.onlinelibrary.wiley.com/doi/10.1049/enb.2017.0005
https://ietresearch.onlinelibrary.wiley.com/doi/10.1049/enb.2017.0005
https://www.researchgate.net/publication/344639125_AdvanceSyn_Toolkit_An_Open-Source_Suite_for_Model_Development_and_Analysis_in_Biological_Engineering
https://www.researchgate.net/publication/344639125_AdvanceSyn_Toolkit_An_Open-Source_Suite_for_Model_Development_and_Analysis_in_Biological_Engineering
https://www.researchgate.net/publication/344639125_AdvanceSyn_Toolkit_An_Open-Source_Suite_for_Model_Development_and_Analysis_in_Biological_Engineering
https://pubmed.ncbi.nlm.nih.gov/32170148/
https://pubmed.ncbi.nlm.nih.gov/32170148/
https://pubmed.ncbi.nlm.nih.gov/32170148/
https://pubmed.ncbi.nlm.nih.gov/32170148/
https://onlinelibrary.wiley.com/doi/abs/10.1002/biot.201400522
https://onlinelibrary.wiley.com/doi/abs/10.1002/biot.201400522
https://onlinelibrary.wiley.com/doi/abs/10.1002/biot.201400522
https://pubmed.ncbi.nlm.nih.gov/31196170/
https://pubmed.ncbi.nlm.nih.gov/31196170/
https://pubmed.ncbi.nlm.nih.gov/26000478/
https://pubmed.ncbi.nlm.nih.gov/26000478/
https://pubmed.ncbi.nlm.nih.gov/10364169/
https://pubmed.ncbi.nlm.nih.gov/10364169/
https://pubmed.ncbi.nlm.nih.gov/10364169/
https://pubmed.ncbi.nlm.nih.gov/33072513/
https://pubmed.ncbi.nlm.nih.gov/33072513/
https://pubmed.ncbi.nlm.nih.gov/33072513/
https://bmcsystbiol.biomedcentral.com/articles/10.1186/s12918-016-0283-2
https://bmcsystbiol.biomedcentral.com/articles/10.1186/s12918-016-0283-2
https://bmcsystbiol.biomedcentral.com/articles/10.1186/s12918-016-0283-2
https://pubmed.ncbi.nlm.nih.gov/26443778/
https://pubmed.ncbi.nlm.nih.gov/26443778/
https://pubmed.ncbi.nlm.nih.gov/26443778/
https://pubmed.ncbi.nlm.nih.gov/17593909/
https://pubmed.ncbi.nlm.nih.gov/17593909/
https://pubmed.ncbi.nlm.nih.gov/17593909/
https://pubmed.ncbi.nlm.nih.gov/17593909/

Kinetic Models with Default Enzyme Kinetics from Genome-scale Models

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

Brunk E., et al. “Recon3D Enables a Three-Dimensional View
of Gene Variation in Human Metabolism”. Nature Biotechnol-
ogy 36.3 (2018): 272-281.

Cardoso JGR,, et al. “Cameo: A Python Library for Computer
Aided Metabolic Engineering and Optimization of Cell Facto-
ries”. ACS Synthetic Biology 7.4 (2018): 1163-1166.

McKinney W. “Data Structures for Statistical Computing in Py-
thon”. In: Proceedings of the 9th Python in Science Conference.
Austin, Texas, USA (2010): 51-6.

Smith LP, et al. “Antimony: A Modular Model Definition Lan-
guage”. Bioinformatics 25.18 (2009): 2452-2454.

Bar-Even A, et al. “The Moderately Efficient Enzyme: Evolu-
tionary and Physicochemical Trends Shaping Enzyme Param-
eters”. Biochemistry 50.21 (2011): 4402-4410.

Liebermeister W and Klipp E. “Bringing Metabolic Networks to
Life: Convenience Rate Law and Thermodynamic Constraints”.
Theoretical Biology and Medical Modelling 3.1 (2006): 41.

Voit EO. "Biochemical Systems Theory: A Review." ISRN Bio-
mathematics 2013 (2013): 897658.

Qian H and Bishop LM. “The Chemical Master Equation Ap-
proach to Nonequilibrium Steady-State of Open Biochemical
Systems: Linear Single-Molecule Enzyme Kinetics and Nonlin-
ear Biochemical Reaction Networks”. International Journal of
Molecular Sciences 11.9 (2010): 3472-500.

Cakir T and Khatibipour M]. “Metabolic Network Discovery
by Top-Down and Bottom-Up Approaches and Paths for Rec-
onciliation”. Frontiers of Bioengineering and Biotechnology 2
(2014): 62.

Bouchoux C and Uhlmann F. “A Quantitative Model for Ordered
Cdk Substrate Dephosphorylation during Mitotic Exit”. Cell
147.4 (2011): 803-814.

Yasemi M and Jolicoeur M. “Modelling Cell Metabolism: A Re-
view on Constraint-Based Steady-State and Kinetic Approach-
es”. Processes 9.2 (2021): 322.

Kolomeisky AB. “Michaelis-Menten Relations for Complex
Enzymatic Networks”. The Journal of Chemical Physics 134.15
(2011): 155101.

Hackett SR, et al. “Systems-Level Analysis of Mechanisms
Regulating Yeast Metabolic Flux”. Science 354.6311 (2016):
aaf2786.

Zelezniak A., et al. “Contribution of Network Connectivity in
Determining the Relationship between Gene Expression and
Metabolite Concentration Changes”. PLoS Computational Biol-
ogy 10.4 (2014): e1003572.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

63
Murabito E., et al. “Monte-Carlo Modeling of the Central Car-
bon Metabolism of Lactococcus lactis: Insights into Metabolic
Regulation”. PLoS ONE 9.9 (2014): e106453.

Clement TJ]., et al. “Unlocking Elementary Conversion Modes:
ecmtool Unveils All Capabilities of Metabolic Networks”. Pat-
terns 2.1 (2021): 100177.

Heinonen M., et al. “Bayesian Metabolic Flux Analysis Reveals
Intracellular Flux Couplings”. Bioinformatics 35.14 (2019):
i548-557.

Venayak N., et al. “MoVE Identifies Metabolic Valves to Switch
Between Phenotypic States”. Nature Communication 9.1
(2018): 5332.

King ZA., et al. “BiGG Models: A Platform for Integrating, Stan-
dardizing and Sharing Genome-Scale Models”. Nucleic Acids
Research 44.D1 (2016): D515-522.

Karlsen E., et al. “Automated Generation of Genome-Scale Met-
abolic Draft Reconstructions Based on KEGG”. BMC Bioinfor-
matics 19.1 (2018): 467.

Kanehisa M., et al. “The KEGG Databases at GenomeNet”. Nu-
cleic Acids Research 30.1 (2002): 42-46.

Kanehisa M., et al. “KEGG: Integrating Viruses and Cellular Or-
ganisms”. Nucleic Acids Research 49.D1 (2019): D545-551.

Machado D., et al. “Fast Automated Reconstruction of Genome-
Scale Metabolic Models for Microbial Species and Communi-
ties”. Nucleic Acids Research 46.15 (2018): 7542-7553.

Shannon P, et al. “Cytoscape: A Software Environment for In-
tegrated Models of Biomolecular Interaction Networks”. Ge-
nome Research 13.11 (2003): 2498-2504.

Marinos G., et al. “Defining the Nutritional Input for Genome-
Scale Metabolic Models: A Roadmap”. PLoS ONE 15.8 (2020):
€0236890.

Assets from publication with us

Prompt Acknowledgement after receiving the article
Thorough Double blinded peer review

Rapid Publication

Issue of Publication Certificate

High visibility of your Published work

Website: www.actascientific.com/

Submit Article: www.actascientific.com/submission.php
Email us: editor@actascientific.com

Contact us: +91 9182824667

Citation: Maurice HT Ling, et al. “Kinetic Models with Default Enzyme Kinetics from Genome-scale Models". Acta Scientific Computer Sciences 4.1 (2022):
59-63.


https://pubmed.ncbi.nlm.nih.gov/29457794/
https://pubmed.ncbi.nlm.nih.gov/29457794/
https://pubmed.ncbi.nlm.nih.gov/29457794/
https://pubmed.ncbi.nlm.nih.gov/29558112/
https://pubmed.ncbi.nlm.nih.gov/29558112/
https://pubmed.ncbi.nlm.nih.gov/29558112/
https://www.researchgate.net/publication/26647961_Antimony_A_modular_model_definition_language
https://www.researchgate.net/publication/26647961_Antimony_A_modular_model_definition_language
https://pubmed.ncbi.nlm.nih.gov/21506553/
https://pubmed.ncbi.nlm.nih.gov/21506553/
https://pubmed.ncbi.nlm.nih.gov/21506553/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1781438/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1781438/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1781438/
https://www.researchgate.net/publication/47460040_The_Chemical_Master_Equation_Approach_to_Nonequilibrium_Steady-State_of_Open_Biochemical_Systems_Linear_Single-Molecule_Enzyme_Kinetics_and_Nonlinear_Biochemical_Reaction_Networks
https://www.researchgate.net/publication/47460040_The_Chemical_Master_Equation_Approach_to_Nonequilibrium_Steady-State_of_Open_Biochemical_Systems_Linear_Single-Molecule_Enzyme_Kinetics_and_Nonlinear_Biochemical_Reaction_Networks
https://www.researchgate.net/publication/47460040_The_Chemical_Master_Equation_Approach_to_Nonequilibrium_Steady-State_of_Open_Biochemical_Systems_Linear_Single-Molecule_Enzyme_Kinetics_and_Nonlinear_Biochemical_Reaction_Networks
https://www.researchgate.net/publication/47460040_The_Chemical_Master_Equation_Approach_to_Nonequilibrium_Steady-State_of_Open_Biochemical_Systems_Linear_Single-Molecule_Enzyme_Kinetics_and_Nonlinear_Biochemical_Reaction_Networks
https://www.researchgate.net/publication/47460040_The_Chemical_Master_Equation_Approach_to_Nonequilibrium_Steady-State_of_Open_Biochemical_Systems_Linear_Single-Molecule_Enzyme_Kinetics_and_Nonlinear_Biochemical_Reaction_Networks
https://pubmed.ncbi.nlm.nih.gov/25520953/
https://pubmed.ncbi.nlm.nih.gov/25520953/
https://pubmed.ncbi.nlm.nih.gov/25520953/
https://pubmed.ncbi.nlm.nih.gov/25520953/
https://pubmed.ncbi.nlm.nih.gov/22078879/
https://pubmed.ncbi.nlm.nih.gov/22078879/
https://pubmed.ncbi.nlm.nih.gov/22078879/
https://www.researchgate.net/publication/349189408_Modelling_Cell_Metabolism_A_Review_on_Constraint-Based_Steady-State_and_Kinetic_Approaches
https://www.researchgate.net/publication/349189408_Modelling_Cell_Metabolism_A_Review_on_Constraint-Based_Steady-State_and_Kinetic_Approaches
https://www.researchgate.net/publication/349189408_Modelling_Cell_Metabolism_A_Review_on_Constraint-Based_Steady-State_and_Kinetic_Approaches
https://pubmed.ncbi.nlm.nih.gov/21513417/
https://pubmed.ncbi.nlm.nih.gov/21513417/
https://pubmed.ncbi.nlm.nih.gov/21513417/
https://www.researchgate.net/publication/261881461_Contribution_of_Network_Connectivity_in_Determining_the_Relationship_between_Gene_Expression_and_Metabolite_Concentration_Changes
https://www.researchgate.net/publication/261881461_Contribution_of_Network_Connectivity_in_Determining_the_Relationship_between_Gene_Expression_and_Metabolite_Concentration_Changes
https://www.researchgate.net/publication/261881461_Contribution_of_Network_Connectivity_in_Determining_the_Relationship_between_Gene_Expression_and_Metabolite_Concentration_Changes
https://www.researchgate.net/publication/261881461_Contribution_of_Network_Connectivity_in_Determining_the_Relationship_between_Gene_Expression_and_Metabolite_Concentration_Changes
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0106453
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0106453
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0106453
https://www.sciencedirect.com/science/article/pii/S2666389920302415
https://www.sciencedirect.com/science/article/pii/S2666389920302415
https://www.sciencedirect.com/science/article/pii/S2666389920302415
https://pubmed.ncbi.nlm.nih.gov/31510676/
https://pubmed.ncbi.nlm.nih.gov/31510676/
https://pubmed.ncbi.nlm.nih.gov/31510676/
https://pubmed.ncbi.nlm.nih.gov/30552335/
https://pubmed.ncbi.nlm.nih.gov/30552335/
https://pubmed.ncbi.nlm.nih.gov/30552335/
https://academic.oup.com/nar/article/44/D1/D515/2502593
https://academic.oup.com/nar/article/44/D1/D515/2502593
https://academic.oup.com/nar/article/44/D1/D515/2502593
https://pubmed.ncbi.nlm.nih.gov/30514205/
https://pubmed.ncbi.nlm.nih.gov/30514205/
https://pubmed.ncbi.nlm.nih.gov/30514205/
https://pubmed.ncbi.nlm.nih.gov/11752249/
https://pubmed.ncbi.nlm.nih.gov/11752249/
https://pubmed.ncbi.nlm.nih.gov/33125081/
https://pubmed.ncbi.nlm.nih.gov/33125081/
https://pubmed.ncbi.nlm.nih.gov/30192979/
https://pubmed.ncbi.nlm.nih.gov/30192979/
https://pubmed.ncbi.nlm.nih.gov/30192979/
https://pubmed.ncbi.nlm.nih.gov/14597658/
https://pubmed.ncbi.nlm.nih.gov/14597658/
https://pubmed.ncbi.nlm.nih.gov/14597658/
https://pubmed.ncbi.nlm.nih.gov/32797084/
https://pubmed.ncbi.nlm.nih.gov/32797084/
https://pubmed.ncbi.nlm.nih.gov/32797084/

	_GoBack

