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Introduction 

•  Simplify researchers workflows 

•  Docker is a new emerging technology 

•  Work with our SBML tools 



SBMLDock 

•  Collects 7 CLI tools to manipulate SBML files 

•  We packaged in a special way 
•  Each tool has it’s needed libraries 

•  We wrap java execution of  all tools 

•  We provide test data for each tool 



Tool specifics 

•  ParaABioS 

•  SBMLChecker 

•  SBMLCompare 

•  SBMLMerge 



Tool specifics 

•  SBMLSplit 

•  SBMLModeler 

•  SBMLAnnotate 



Docker specifics 

•  A self  contained system 

•  Interacts with the kernel of  the host system 

•  Repeatable and shareable  

•  Runs on Linux 
•  Windows and Mac can work 



Docker specifics 

•  Mount volumes in the container 

•  Tell the container where to run 

•  Run our image 

•  Call one of  our programs 

-v /tmp/sbmldock:/tmp 

-w /tmp 



Run a tool 

•  We’ve included test data 

•  This is what SBMLAnnotate would produce 



Tools in a docker container 

•  Tools run the same on every system 

•  Docker images have unique numeric ids 

•  Containers run the same every time you start them 



Conclusion 

•  Collected SBML specific tools 

•  Docker provides: 
•  Usability 

•  Reproducibility 

•  Unique identification 
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• Constraint Based Models are a 

type of metabolic models

Metabolic pathways
In the context of this Review, 
sets of pathways that are 
calculated by metabolic 
network-based pathway 
analysis tools such as Extreme 
Pathways and Elementary  
Flux Modes.

Metabolic engineering
The practice of improving 
cellular production of target 
compounds of interest by 
modifying and optimizing 
genetic, regulatory and 
environmental parameters  
of cellular metabolism.

Genome-scale models
The formulation, using 
mathematical models, of 
genome-scale metabolic 
network reconstructions.  
They are synonymous with 
constraint-based models in  
the context of this Review.

Pathway enrichment 
analysis
A high-throughput data 
analysis technique to 
understand more global 
changes in an experiment  
by grouping individual 
measurements of biological 
components (for example, 
genes and proteins) into a 
context that is based on 
various pathway databases (for 
example, Kyoto Encyclopedia 
of Genes and Genomes,  
BioCyc and Gene Ontology).

Metabolic flux analysis
An experimental approach  
to identify metabolic fluxes 
using isotopically labelled 
metabolites and computational 
software that reconciles 
experimental data with 
network topology.

Flux distributions
Sets of calculated flux  
values for all reactions in a 
constraint-based model.

Pareto surface
The space that is formed when 
multiple objective functions are 
modelled at once; it represents 
a set of optimal solutions, in 
which increasing the value of 
one of the objectives results in 
a trade-off with other objective 
values.

genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
representation for the in vivo fluxomic data sets was a 
Pareto surface that is defined by a combination of three 
objectives: maximizing biomass generation, maximiz-
ing ATP generation and minimizing reaction fluxes 
across the network; that is, the minimization is a proxy 
for the most efficient use of the proteome42. Using flux 
variability analysis (FVA) (BOX 2), the authors found 
that there is some ‘slack’ in metabolic reaction fluxes 
when the cell is operating close to but not on the Pareto 
surface. In fact, they also observed that the in vivo flux 
distributions were slightly sub-optimal. The authors 
showed that this sub-optimality is most likely an  
evolutionary adaptation that allows rapid adjustment 
to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
carbon metabolism. Future studies are therefore needed 
to determine whether the optimality principles that 
have been derived in this study will hold for other 
metabolic subsystems that are studied using different 

Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
of	photosynthesis	is	a	function	of	latitude	as	the	incident	flux	of	photons	changes.	In	the	1960s,	Daniel	Atkinson	realized	
that	solvent	capacity	was	a	limitation	in	all	cells,	as	cells	tend	to	consist	of	70%	water	and	30%	biomass100.	In	1973,	Paul	
Weisz	showed	that	most	intracellular	processes	operate	at	rates	that	are	close	to	the	limits	of	diffusion101.	These	and	other	
myriad	constraints	under	which	cells	operate	and	evolve	have	been	summarized102.
We	can	now	systematically	reconstruct	metabolic	and	other	biochemical	reaction	networks	(see	the	figure).	Metabolic	

networks	are	analogous	to	flow	networks,	in	which	metabolites	(shown	as	circles)	‘flow’	through	the	network	in	a	manner	
that	is	similar	to	liquids	flowing	in	a	pipe.	These	flows,	and	thus	the	state	of	a	network,	are	subject	to	myriad	constraints.	
The	network	can	be	converted	into	a	mathematical	format	known	as	the	stoichiometric	matrix	for	computation.	Rather	
than	deriving	a	single	solution,	constraint-based	models	have	an	associated	solution space	(shown	as	a	box)	in	which	all	
feasible	phenotypic	states	exist	given	the	imposed	constraints.	This	allows	one	to	simultaneously	account	for	the	many	
processes	that	act	on	and	in	cells.
Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.

Figure	is	modified,	with	permission,	from	REF. 3	©	(2012)	Macmillan	Publishers	Ltd.	All	rights	reserved.
Nature Reviews | Genetics
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genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.
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tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
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Pareto surface that is defined by a combination of three 
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showed that this sub-optimality is most likely an  
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Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
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a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
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Figure	is	modified,	with	permission,	from	REF. 3	©	(2012)	Macmillan	Publishers	Ltd.	All	rights	reserved.
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Metabolic flux analysis
An experimental approach  
to identify metabolic fluxes 
using isotopically labelled 
metabolites and computational 
software that reconciles 
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network topology.
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Sets of calculated flux  
values for all reactions in a 
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Pareto surface
The space that is formed when 
multiple objective functions are 
modelled at once; it represents 
a set of optimal solutions, in 
which increasing the value of 
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a trade-off with other objective 
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genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
representation for the in vivo fluxomic data sets was a 
Pareto surface that is defined by a combination of three 
objectives: maximizing biomass generation, maximiz-
ing ATP generation and minimizing reaction fluxes 
across the network; that is, the minimization is a proxy 
for the most efficient use of the proteome42. Using flux 
variability analysis (FVA) (BOX 2), the authors found 
that there is some ‘slack’ in metabolic reaction fluxes 
when the cell is operating close to but not on the Pareto 
surface. In fact, they also observed that the in vivo flux 
distributions were slightly sub-optimal. The authors 
showed that this sub-optimality is most likely an  
evolutionary adaptation that allows rapid adjustment 
to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
carbon metabolism. Future studies are therefore needed 
to determine whether the optimality principles that 
have been derived in this study will hold for other 
metabolic subsystems that are studied using different 

Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
of	photosynthesis	is	a	function	of	latitude	as	the	incident	flux	of	photons	changes.	In	the	1960s,	Daniel	Atkinson	realized	
that	solvent	capacity	was	a	limitation	in	all	cells,	as	cells	tend	to	consist	of	70%	water	and	30%	biomass100.	In	1973,	Paul	
Weisz	showed	that	most	intracellular	processes	operate	at	rates	that	are	close	to	the	limits	of	diffusion101.	These	and	other	
myriad	constraints	under	which	cells	operate	and	evolve	have	been	summarized102.
We	can	now	systematically	reconstruct	metabolic	and	other	biochemical	reaction	networks	(see	the	figure).	Metabolic	

networks	are	analogous	to	flow	networks,	in	which	metabolites	(shown	as	circles)	‘flow’	through	the	network	in	a	manner	
that	is	similar	to	liquids	flowing	in	a	pipe.	These	flows,	and	thus	the	state	of	a	network,	are	subject	to	myriad	constraints.	
The	network	can	be	converted	into	a	mathematical	format	known	as	the	stoichiometric	matrix	for	computation.	Rather	
than	deriving	a	single	solution,	constraint-based	models	have	an	associated	solution space	(shown	as	a	box)	in	which	all	
feasible	phenotypic	states	exist	given	the	imposed	constraints.	This	allows	one	to	simultaneously	account	for	the	many	
processes	that	act	on	and	in	cells.
Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.

Figure	is	modified,	with	permission,	from	REF. 3	©	(2012)	Macmillan	Publishers	Ltd.	All	rights	reserved.
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genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
representation for the in vivo fluxomic data sets was a 
Pareto surface that is defined by a combination of three 
objectives: maximizing biomass generation, maximiz-
ing ATP generation and minimizing reaction fluxes 
across the network; that is, the minimization is a proxy 
for the most efficient use of the proteome42. Using flux 
variability analysis (FVA) (BOX 2), the authors found 
that there is some ‘slack’ in metabolic reaction fluxes 
when the cell is operating close to but not on the Pareto 
surface. In fact, they also observed that the in vivo flux 
distributions were slightly sub-optimal. The authors 
showed that this sub-optimality is most likely an  
evolutionary adaptation that allows rapid adjustment 
to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
carbon metabolism. Future studies are therefore needed 
to determine whether the optimality principles that 
have been derived in this study will hold for other 
metabolic subsystems that are studied using different 

Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
of	photosynthesis	is	a	function	of	latitude	as	the	incident	flux	of	photons	changes.	In	the	1960s,	Daniel	Atkinson	realized	
that	solvent	capacity	was	a	limitation	in	all	cells,	as	cells	tend	to	consist	of	70%	water	and	30%	biomass100.	In	1973,	Paul	
Weisz	showed	that	most	intracellular	processes	operate	at	rates	that	are	close	to	the	limits	of	diffusion101.	These	and	other	
myriad	constraints	under	which	cells	operate	and	evolve	have	been	summarized102.
We	can	now	systematically	reconstruct	metabolic	and	other	biochemical	reaction	networks	(see	the	figure).	Metabolic	

networks	are	analogous	to	flow	networks,	in	which	metabolites	(shown	as	circles)	‘flow’	through	the	network	in	a	manner	
that	is	similar	to	liquids	flowing	in	a	pipe.	These	flows,	and	thus	the	state	of	a	network,	are	subject	to	myriad	constraints.	
The	network	can	be	converted	into	a	mathematical	format	known	as	the	stoichiometric	matrix	for	computation.	Rather	
than	deriving	a	single	solution,	constraint-based	models	have	an	associated	solution space	(shown	as	a	box)	in	which	all	
feasible	phenotypic	states	exist	given	the	imposed	constraints.	This	allows	one	to	simultaneously	account	for	the	many	
processes	that	act	on	and	in	cells.
Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.
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compounds of interest by 
modifying and optimizing 
genetic, regulatory and 
environmental parameters  
of cellular metabolism.

Genome-scale models
The formulation, using 
mathematical models, of 
genome-scale metabolic 
network reconstructions.  
They are synonymous with 
constraint-based models in  
the context of this Review.

Pathway enrichment 
analysis
A high-throughput data 
analysis technique to 
understand more global 
changes in an experiment  
by grouping individual 
measurements of biological 
components (for example, 
genes and proteins) into a 
context that is based on 
various pathway databases (for 
example, Kyoto Encyclopedia 
of Genes and Genomes,  
BioCyc and Gene Ontology).

Metabolic flux analysis
An experimental approach  
to identify metabolic fluxes 
using isotopically labelled 
metabolites and computational 
software that reconciles 
experimental data with 
network topology.

Flux distributions
Sets of calculated flux  
values for all reactions in a 
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Pareto surface
The space that is formed when 
multiple objective functions are 
modelled at once; it represents 
a set of optimal solutions, in 
which increasing the value of 
one of the objectives results in 
a trade-off with other objective 
values.

genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
representation for the in vivo fluxomic data sets was a 
Pareto surface that is defined by a combination of three 
objectives: maximizing biomass generation, maximiz-
ing ATP generation and minimizing reaction fluxes 
across the network; that is, the minimization is a proxy 
for the most efficient use of the proteome42. Using flux 
variability analysis (FVA) (BOX 2), the authors found 
that there is some ‘slack’ in metabolic reaction fluxes 
when the cell is operating close to but not on the Pareto 
surface. In fact, they also observed that the in vivo flux 
distributions were slightly sub-optimal. The authors 
showed that this sub-optimality is most likely an  
evolutionary adaptation that allows rapid adjustment 
to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
carbon metabolism. Future studies are therefore needed 
to determine whether the optimality principles that 
have been derived in this study will hold for other 
metabolic subsystems that are studied using different 

Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
of	photosynthesis	is	a	function	of	latitude	as	the	incident	flux	of	photons	changes.	In	the	1960s,	Daniel	Atkinson	realized	
that	solvent	capacity	was	a	limitation	in	all	cells,	as	cells	tend	to	consist	of	70%	water	and	30%	biomass100.	In	1973,	Paul	
Weisz	showed	that	most	intracellular	processes	operate	at	rates	that	are	close	to	the	limits	of	diffusion101.	These	and	other	
myriad	constraints	under	which	cells	operate	and	evolve	have	been	summarized102.
We	can	now	systematically	reconstruct	metabolic	and	other	biochemical	reaction	networks	(see	the	figure).	Metabolic	

networks	are	analogous	to	flow	networks,	in	which	metabolites	(shown	as	circles)	‘flow’	through	the	network	in	a	manner	
that	is	similar	to	liquids	flowing	in	a	pipe.	These	flows,	and	thus	the	state	of	a	network,	are	subject	to	myriad	constraints.	
The	network	can	be	converted	into	a	mathematical	format	known	as	the	stoichiometric	matrix	for	computation.	Rather	
than	deriving	a	single	solution,	constraint-based	models	have	an	associated	solution space	(shown	as	a	box)	in	which	all	
feasible	phenotypic	states	exist	given	the	imposed	constraints.	This	allows	one	to	simultaneously	account	for	the	many	
processes	that	act	on	and	in	cells.
Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.
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The formulation, using 
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which increasing the value of 
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a trade-off with other objective 
values.

genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
representation for the in vivo fluxomic data sets was a 
Pareto surface that is defined by a combination of three 
objectives: maximizing biomass generation, maximiz-
ing ATP generation and minimizing reaction fluxes 
across the network; that is, the minimization is a proxy 
for the most efficient use of the proteome42. Using flux 
variability analysis (FVA) (BOX 2), the authors found 
that there is some ‘slack’ in metabolic reaction fluxes 
when the cell is operating close to but not on the Pareto 
surface. In fact, they also observed that the in vivo flux 
distributions were slightly sub-optimal. The authors 
showed that this sub-optimality is most likely an  
evolutionary adaptation that allows rapid adjustment 
to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
carbon metabolism. Future studies are therefore needed 
to determine whether the optimality principles that 
have been derived in this study will hold for other 
metabolic subsystems that are studied using different 

Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
of	photosynthesis	is	a	function	of	latitude	as	the	incident	flux	of	photons	changes.	In	the	1960s,	Daniel	Atkinson	realized	
that	solvent	capacity	was	a	limitation	in	all	cells,	as	cells	tend	to	consist	of	70%	water	and	30%	biomass100.	In	1973,	Paul	
Weisz	showed	that	most	intracellular	processes	operate	at	rates	that	are	close	to	the	limits	of	diffusion101.	These	and	other	
myriad	constraints	under	which	cells	operate	and	evolve	have	been	summarized102.
We	can	now	systematically	reconstruct	metabolic	and	other	biochemical	reaction	networks	(see	the	figure).	Metabolic	

networks	are	analogous	to	flow	networks,	in	which	metabolites	(shown	as	circles)	‘flow’	through	the	network	in	a	manner	
that	is	similar	to	liquids	flowing	in	a	pipe.	These	flows,	and	thus	the	state	of	a	network,	are	subject	to	myriad	constraints.	
The	network	can	be	converted	into	a	mathematical	format	known	as	the	stoichiometric	matrix	for	computation.	Rather	
than	deriving	a	single	solution,	constraint-based	models	have	an	associated	solution space	(shown	as	a	box)	in	which	all	
feasible	phenotypic	states	exist	given	the	imposed	constraints.	This	allows	one	to	simultaneously	account	for	the	many	
processes	that	act	on	and	in	cells.
Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.

Figure	is	modified,	with	permission,	from	REF. 3	©	(2012)	Macmillan	Publishers	Ltd.	All	rights	reserved.
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Constraint Based Models
• Constraint Based Models are a 

type of metabolic models

• We are interested into rates of 
reactions v (fluxes)

• Metabolic network is translated  
to a Stoichiometric Matrix

• Steady State Mass Balance 
and bound constraints defines 
a solution space

Metabolic pathways
In the context of this Review, 
sets of pathways that are 
calculated by metabolic 
network-based pathway 
analysis tools such as Extreme 
Pathways and Elementary  
Flux Modes.

Metabolic engineering
The practice of improving 
cellular production of target 
compounds of interest by 
modifying and optimizing 
genetic, regulatory and 
environmental parameters  
of cellular metabolism.

Genome-scale models
The formulation, using 
mathematical models, of 
genome-scale metabolic 
network reconstructions.  
They are synonymous with 
constraint-based models in  
the context of this Review.

Pathway enrichment 
analysis
A high-throughput data 
analysis technique to 
understand more global 
changes in an experiment  
by grouping individual 
measurements of biological 
components (for example, 
genes and proteins) into a 
context that is based on 
various pathway databases (for 
example, Kyoto Encyclopedia 
of Genes and Genomes,  
BioCyc and Gene Ontology).

Metabolic flux analysis
An experimental approach  
to identify metabolic fluxes 
using isotopically labelled 
metabolites and computational 
software that reconciles 
experimental data with 
network topology.

Flux distributions
Sets of calculated flux  
values for all reactions in a 
constraint-based model.

Pareto surface
The space that is formed when 
multiple objective functions are 
modelled at once; it represents 
a set of optimal solutions, in 
which increasing the value of 
one of the objectives results in 
a trade-off with other objective 
values.

genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
representation for the in vivo fluxomic data sets was a 
Pareto surface that is defined by a combination of three 
objectives: maximizing biomass generation, maximiz-
ing ATP generation and minimizing reaction fluxes 
across the network; that is, the minimization is a proxy 
for the most efficient use of the proteome42. Using flux 
variability analysis (FVA) (BOX 2), the authors found 
that there is some ‘slack’ in metabolic reaction fluxes 
when the cell is operating close to but not on the Pareto 
surface. In fact, they also observed that the in vivo flux 
distributions were slightly sub-optimal. The authors 
showed that this sub-optimality is most likely an  
evolutionary adaptation that allows rapid adjustment 
to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
carbon metabolism. Future studies are therefore needed 
to determine whether the optimality principles that 
have been derived in this study will hold for other 
metabolic subsystems that are studied using different 

Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
of	photosynthesis	is	a	function	of	latitude	as	the	incident	flux	of	photons	changes.	In	the	1960s,	Daniel	Atkinson	realized	
that	solvent	capacity	was	a	limitation	in	all	cells,	as	cells	tend	to	consist	of	70%	water	and	30%	biomass100.	In	1973,	Paul	
Weisz	showed	that	most	intracellular	processes	operate	at	rates	that	are	close	to	the	limits	of	diffusion101.	These	and	other	
myriad	constraints	under	which	cells	operate	and	evolve	have	been	summarized102.
We	can	now	systematically	reconstruct	metabolic	and	other	biochemical	reaction	networks	(see	the	figure).	Metabolic	

networks	are	analogous	to	flow	networks,	in	which	metabolites	(shown	as	circles)	‘flow’	through	the	network	in	a	manner	
that	is	similar	to	liquids	flowing	in	a	pipe.	These	flows,	and	thus	the	state	of	a	network,	are	subject	to	myriad	constraints.	
The	network	can	be	converted	into	a	mathematical	format	known	as	the	stoichiometric	matrix	for	computation.	Rather	
than	deriving	a	single	solution,	constraint-based	models	have	an	associated	solution space	(shown	as	a	box)	in	which	all	
feasible	phenotypic	states	exist	given	the	imposed	constraints.	This	allows	one	to	simultaneously	account	for	the	many	
processes	that	act	on	and	in	cells.
Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.

Figure	is	modified,	with	permission,	from	REF. 3	©	(2012)	Macmillan	Publishers	Ltd.	All	rights	reserved.
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Metabolic pathways
In the context of this Review, 
sets of pathways that are 
calculated by metabolic 
network-based pathway 
analysis tools such as Extreme 
Pathways and Elementary  
Flux Modes.

Metabolic engineering
The practice of improving 
cellular production of target 
compounds of interest by 
modifying and optimizing 
genetic, regulatory and 
environmental parameters  
of cellular metabolism.

Genome-scale models
The formulation, using 
mathematical models, of 
genome-scale metabolic 
network reconstructions.  
They are synonymous with 
constraint-based models in  
the context of this Review.

Pathway enrichment 
analysis
A high-throughput data 
analysis technique to 
understand more global 
changes in an experiment  
by grouping individual 
measurements of biological 
components (for example, 
genes and proteins) into a 
context that is based on 
various pathway databases (for 
example, Kyoto Encyclopedia 
of Genes and Genomes,  
BioCyc and Gene Ontology).

Metabolic flux analysis
An experimental approach  
to identify metabolic fluxes 
using isotopically labelled 
metabolites and computational 
software that reconciles 
experimental data with 
network topology.

Flux distributions
Sets of calculated flux  
values for all reactions in a 
constraint-based model.

Pareto surface
The space that is formed when 
multiple objective functions are 
modelled at once; it represents 
a set of optimal solutions, in 
which increasing the value of 
one of the objectives results in 
a trade-off with other objective 
values.

genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
representation for the in vivo fluxomic data sets was a 
Pareto surface that is defined by a combination of three 
objectives: maximizing biomass generation, maximiz-
ing ATP generation and minimizing reaction fluxes 
across the network; that is, the minimization is a proxy 
for the most efficient use of the proteome42. Using flux 
variability analysis (FVA) (BOX 2), the authors found 
that there is some ‘slack’ in metabolic reaction fluxes 
when the cell is operating close to but not on the Pareto 
surface. In fact, they also observed that the in vivo flux 
distributions were slightly sub-optimal. The authors 
showed that this sub-optimality is most likely an  
evolutionary adaptation that allows rapid adjustment 
to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
carbon metabolism. Future studies are therefore needed 
to determine whether the optimality principles that 
have been derived in this study will hold for other 
metabolic subsystems that are studied using different 

Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
of	photosynthesis	is	a	function	of	latitude	as	the	incident	flux	of	photons	changes.	In	the	1960s,	Daniel	Atkinson	realized	
that	solvent	capacity	was	a	limitation	in	all	cells,	as	cells	tend	to	consist	of	70%	water	and	30%	biomass100.	In	1973,	Paul	
Weisz	showed	that	most	intracellular	processes	operate	at	rates	that	are	close	to	the	limits	of	diffusion101.	These	and	other	
myriad	constraints	under	which	cells	operate	and	evolve	have	been	summarized102.
We	can	now	systematically	reconstruct	metabolic	and	other	biochemical	reaction	networks	(see	the	figure).	Metabolic	

networks	are	analogous	to	flow	networks,	in	which	metabolites	(shown	as	circles)	‘flow’	through	the	network	in	a	manner	
that	is	similar	to	liquids	flowing	in	a	pipe.	These	flows,	and	thus	the	state	of	a	network,	are	subject	to	myriad	constraints.	
The	network	can	be	converted	into	a	mathematical	format	known	as	the	stoichiometric	matrix	for	computation.	Rather	
than	deriving	a	single	solution,	constraint-based	models	have	an	associated	solution space	(shown	as	a	box)	in	which	all	
feasible	phenotypic	states	exist	given	the	imposed	constraints.	This	allows	one	to	simultaneously	account	for	the	many	
processes	that	act	on	and	in	cells.
Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.

Figure	is	modified,	with	permission,	from	REF. 3	©	(2012)	Macmillan	Publishers	Ltd.	All	rights	reserved.
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Constraint Based Models
• Constraint Based Models are a 

type of metabolic models

• We are interested into rates of 
reactions v (fluxes)

• Metabolic network is translated  
to a Stoichiometric Matrix

• Steady State Mass Balance 
and bound constraints defines 
a solution space

• Usually formalized as 
optimization problem

Metabolic pathways
In the context of this Review, 
sets of pathways that are 
calculated by metabolic 
network-based pathway 
analysis tools such as Extreme 
Pathways and Elementary  
Flux Modes.

Metabolic engineering
The practice of improving 
cellular production of target 
compounds of interest by 
modifying and optimizing 
genetic, regulatory and 
environmental parameters  
of cellular metabolism.

Genome-scale models
The formulation, using 
mathematical models, of 
genome-scale metabolic 
network reconstructions.  
They are synonymous with 
constraint-based models in  
the context of this Review.

Pathway enrichment 
analysis
A high-throughput data 
analysis technique to 
understand more global 
changes in an experiment  
by grouping individual 
measurements of biological 
components (for example, 
genes and proteins) into a 
context that is based on 
various pathway databases (for 
example, Kyoto Encyclopedia 
of Genes and Genomes,  
BioCyc and Gene Ontology).

Metabolic flux analysis
An experimental approach  
to identify metabolic fluxes 
using isotopically labelled 
metabolites and computational 
software that reconciles 
experimental data with 
network topology.

Flux distributions
Sets of calculated flux  
values for all reactions in a 
constraint-based model.

Pareto surface
The space that is formed when 
multiple objective functions are 
modelled at once; it represents 
a set of optimal solutions, in 
which increasing the value of 
one of the objectives results in 
a trade-off with other objective 
values.

genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
representation for the in vivo fluxomic data sets was a 
Pareto surface that is defined by a combination of three 
objectives: maximizing biomass generation, maximiz-
ing ATP generation and minimizing reaction fluxes 
across the network; that is, the minimization is a proxy 
for the most efficient use of the proteome42. Using flux 
variability analysis (FVA) (BOX 2), the authors found 
that there is some ‘slack’ in metabolic reaction fluxes 
when the cell is operating close to but not on the Pareto 
surface. In fact, they also observed that the in vivo flux 
distributions were slightly sub-optimal. The authors 
showed that this sub-optimality is most likely an  
evolutionary adaptation that allows rapid adjustment 
to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
carbon metabolism. Future studies are therefore needed 
to determine whether the optimality principles that 
have been derived in this study will hold for other 
metabolic subsystems that are studied using different 

Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
of	photosynthesis	is	a	function	of	latitude	as	the	incident	flux	of	photons	changes.	In	the	1960s,	Daniel	Atkinson	realized	
that	solvent	capacity	was	a	limitation	in	all	cells,	as	cells	tend	to	consist	of	70%	water	and	30%	biomass100.	In	1973,	Paul	
Weisz	showed	that	most	intracellular	processes	operate	at	rates	that	are	close	to	the	limits	of	diffusion101.	These	and	other	
myriad	constraints	under	which	cells	operate	and	evolve	have	been	summarized102.
We	can	now	systematically	reconstruct	metabolic	and	other	biochemical	reaction	networks	(see	the	figure).	Metabolic	

networks	are	analogous	to	flow	networks,	in	which	metabolites	(shown	as	circles)	‘flow’	through	the	network	in	a	manner	
that	is	similar	to	liquids	flowing	in	a	pipe.	These	flows,	and	thus	the	state	of	a	network,	are	subject	to	myriad	constraints.	
The	network	can	be	converted	into	a	mathematical	format	known	as	the	stoichiometric	matrix	for	computation.	Rather	
than	deriving	a	single	solution,	constraint-based	models	have	an	associated	solution space	(shown	as	a	box)	in	which	all	
feasible	phenotypic	states	exist	given	the	imposed	constraints.	This	allows	one	to	simultaneously	account	for	the	many	
processes	that	act	on	and	in	cells.
Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.

Figure	is	modified,	with	permission,	from	REF. 3	©	(2012)	Macmillan	Publishers	Ltd.	All	rights	reserved.
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Metabolic pathways
In the context of this Review, 
sets of pathways that are 
calculated by metabolic 
network-based pathway 
analysis tools such as Extreme 
Pathways and Elementary  
Flux Modes.

Metabolic engineering
The practice of improving 
cellular production of target 
compounds of interest by 
modifying and optimizing 
genetic, regulatory and 
environmental parameters  
of cellular metabolism.

Genome-scale models
The formulation, using 
mathematical models, of 
genome-scale metabolic 
network reconstructions.  
They are synonymous with 
constraint-based models in  
the context of this Review.

Pathway enrichment 
analysis
A high-throughput data 
analysis technique to 
understand more global 
changes in an experiment  
by grouping individual 
measurements of biological 
components (for example, 
genes and proteins) into a 
context that is based on 
various pathway databases (for 
example, Kyoto Encyclopedia 
of Genes and Genomes,  
BioCyc and Gene Ontology).

Metabolic flux analysis
An experimental approach  
to identify metabolic fluxes 
using isotopically labelled 
metabolites and computational 
software that reconciles 
experimental data with 
network topology.

Flux distributions
Sets of calculated flux  
values for all reactions in a 
constraint-based model.

Pareto surface
The space that is formed when 
multiple objective functions are 
modelled at once; it represents 
a set of optimal solutions, in 
which increasing the value of 
one of the objectives results in 
a trade-off with other objective 
values.

genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
representation for the in vivo fluxomic data sets was a 
Pareto surface that is defined by a combination of three 
objectives: maximizing biomass generation, maximiz-
ing ATP generation and minimizing reaction fluxes 
across the network; that is, the minimization is a proxy 
for the most efficient use of the proteome42. Using flux 
variability analysis (FVA) (BOX 2), the authors found 
that there is some ‘slack’ in metabolic reaction fluxes 
when the cell is operating close to but not on the Pareto 
surface. In fact, they also observed that the in vivo flux 
distributions were slightly sub-optimal. The authors 
showed that this sub-optimality is most likely an  
evolutionary adaptation that allows rapid adjustment 
to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
carbon metabolism. Future studies are therefore needed 
to determine whether the optimality principles that 
have been derived in this study will hold for other 
metabolic subsystems that are studied using different 

Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
of	photosynthesis	is	a	function	of	latitude	as	the	incident	flux	of	photons	changes.	In	the	1960s,	Daniel	Atkinson	realized	
that	solvent	capacity	was	a	limitation	in	all	cells,	as	cells	tend	to	consist	of	70%	water	and	30%	biomass100.	In	1973,	Paul	
Weisz	showed	that	most	intracellular	processes	operate	at	rates	that	are	close	to	the	limits	of	diffusion101.	These	and	other	
myriad	constraints	under	which	cells	operate	and	evolve	have	been	summarized102.
We	can	now	systematically	reconstruct	metabolic	and	other	biochemical	reaction	networks	(see	the	figure).	Metabolic	

networks	are	analogous	to	flow	networks,	in	which	metabolites	(shown	as	circles)	‘flow’	through	the	network	in	a	manner	
that	is	similar	to	liquids	flowing	in	a	pipe.	These	flows,	and	thus	the	state	of	a	network,	are	subject	to	myriad	constraints.	
The	network	can	be	converted	into	a	mathematical	format	known	as	the	stoichiometric	matrix	for	computation.	Rather	
than	deriving	a	single	solution,	constraint-based	models	have	an	associated	solution space	(shown	as	a	box)	in	which	all	
feasible	phenotypic	states	exist	given	the	imposed	constraints.	This	allows	one	to	simultaneously	account	for	the	many	
processes	that	act	on	and	in	cells.
Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.
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Metabolic pathways
In the context of this Review, 
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calculated by metabolic 
network-based pathway 
analysis tools such as Extreme 
Pathways and Elementary  
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Metabolic engineering
The practice of improving 
cellular production of target 
compounds of interest by 
modifying and optimizing 
genetic, regulatory and 
environmental parameters  
of cellular metabolism.

Genome-scale models
The formulation, using 
mathematical models, of 
genome-scale metabolic 
network reconstructions.  
They are synonymous with 
constraint-based models in  
the context of this Review.

Pathway enrichment 
analysis
A high-throughput data 
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understand more global 
changes in an experiment  
by grouping individual 
measurements of biological 
components (for example, 
genes and proteins) into a 
context that is based on 
various pathway databases (for 
example, Kyoto Encyclopedia 
of Genes and Genomes,  
BioCyc and Gene Ontology).

Metabolic flux analysis
An experimental approach  
to identify metabolic fluxes 
using isotopically labelled 
metabolites and computational 
software that reconciles 
experimental data with 
network topology.

Flux distributions
Sets of calculated flux  
values for all reactions in a 
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Pareto surface
The space that is formed when 
multiple objective functions are 
modelled at once; it represents 
a set of optimal solutions, in 
which increasing the value of 
one of the objectives results in 
a trade-off with other objective 
values.

genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
representation for the in vivo fluxomic data sets was a 
Pareto surface that is defined by a combination of three 
objectives: maximizing biomass generation, maximiz-
ing ATP generation and minimizing reaction fluxes 
across the network; that is, the minimization is a proxy 
for the most efficient use of the proteome42. Using flux 
variability analysis (FVA) (BOX 2), the authors found 
that there is some ‘slack’ in metabolic reaction fluxes 
when the cell is operating close to but not on the Pareto 
surface. In fact, they also observed that the in vivo flux 
distributions were slightly sub-optimal. The authors 
showed that this sub-optimality is most likely an  
evolutionary adaptation that allows rapid adjustment 
to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
carbon metabolism. Future studies are therefore needed 
to determine whether the optimality principles that 
have been derived in this study will hold for other 
metabolic subsystems that are studied using different 

Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
of	photosynthesis	is	a	function	of	latitude	as	the	incident	flux	of	photons	changes.	In	the	1960s,	Daniel	Atkinson	realized	
that	solvent	capacity	was	a	limitation	in	all	cells,	as	cells	tend	to	consist	of	70%	water	and	30%	biomass100.	In	1973,	Paul	
Weisz	showed	that	most	intracellular	processes	operate	at	rates	that	are	close	to	the	limits	of	diffusion101.	These	and	other	
myriad	constraints	under	which	cells	operate	and	evolve	have	been	summarized102.
We	can	now	systematically	reconstruct	metabolic	and	other	biochemical	reaction	networks	(see	the	figure).	Metabolic	

networks	are	analogous	to	flow	networks,	in	which	metabolites	(shown	as	circles)	‘flow’	through	the	network	in	a	manner	
that	is	similar	to	liquids	flowing	in	a	pipe.	These	flows,	and	thus	the	state	of	a	network,	are	subject	to	myriad	constraints.	
The	network	can	be	converted	into	a	mathematical	format	known	as	the	stoichiometric	matrix	for	computation.	Rather	
than	deriving	a	single	solution,	constraint-based	models	have	an	associated	solution space	(shown	as	a	box)	in	which	all	
feasible	phenotypic	states	exist	given	the	imposed	constraints.	This	allows	one	to	simultaneously	account	for	the	many	
processes	that	act	on	and	in	cells.
Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.

Figure	is	modified,	with	permission,	from	REF. 3	©	(2012)	Macmillan	Publishers	Ltd.	All	rights	reserved.
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Genome-scale models
The formulation, using 
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Pathway enrichment 
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understand more global 
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by grouping individual 
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components (for example, 
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various pathway databases (for 
example, Kyoto Encyclopedia 
of Genes and Genomes,  
BioCyc and Gene Ontology).

Metabolic flux analysis
An experimental approach  
to identify metabolic fluxes 
using isotopically labelled 
metabolites and computational 
software that reconciles 
experimental data with 
network topology.
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Sets of calculated flux  
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The space that is formed when 
multiple objective functions are 
modelled at once; it represents 
a set of optimal solutions, in 
which increasing the value of 
one of the objectives results in 
a trade-off with other objective 
values.

genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
representation for the in vivo fluxomic data sets was a 
Pareto surface that is defined by a combination of three 
objectives: maximizing biomass generation, maximiz-
ing ATP generation and minimizing reaction fluxes 
across the network; that is, the minimization is a proxy 
for the most efficient use of the proteome42. Using flux 
variability analysis (FVA) (BOX 2), the authors found 
that there is some ‘slack’ in metabolic reaction fluxes 
when the cell is operating close to but not on the Pareto 
surface. In fact, they also observed that the in vivo flux 
distributions were slightly sub-optimal. The authors 
showed that this sub-optimality is most likely an  
evolutionary adaptation that allows rapid adjustment 
to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
carbon metabolism. Future studies are therefore needed 
to determine whether the optimality principles that 
have been derived in this study will hold for other 
metabolic subsystems that are studied using different 

Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
of	photosynthesis	is	a	function	of	latitude	as	the	incident	flux	of	photons	changes.	In	the	1960s,	Daniel	Atkinson	realized	
that	solvent	capacity	was	a	limitation	in	all	cells,	as	cells	tend	to	consist	of	70%	water	and	30%	biomass100.	In	1973,	Paul	
Weisz	showed	that	most	intracellular	processes	operate	at	rates	that	are	close	to	the	limits	of	diffusion101.	These	and	other	
myriad	constraints	under	which	cells	operate	and	evolve	have	been	summarized102.
We	can	now	systematically	reconstruct	metabolic	and	other	biochemical	reaction	networks	(see	the	figure).	Metabolic	

networks	are	analogous	to	flow	networks,	in	which	metabolites	(shown	as	circles)	‘flow’	through	the	network	in	a	manner	
that	is	similar	to	liquids	flowing	in	a	pipe.	These	flows,	and	thus	the	state	of	a	network,	are	subject	to	myriad	constraints.	
The	network	can	be	converted	into	a	mathematical	format	known	as	the	stoichiometric	matrix	for	computation.	Rather	
than	deriving	a	single	solution,	constraint-based	models	have	an	associated	solution space	(shown	as	a	box)	in	which	all	
feasible	phenotypic	states	exist	given	the	imposed	constraints.	This	allows	one	to	simultaneously	account	for	the	many	
processes	that	act	on	and	in	cells.
Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.
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compounds of interest by 
modifying and optimizing 
genetic, regulatory and 
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of cellular metabolism.

Genome-scale models
The formulation, using 
mathematical models, of 
genome-scale metabolic 
network reconstructions.  
They are synonymous with 
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by grouping individual 
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components (for example, 
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using isotopically labelled 
metabolites and computational 
software that reconciles 
experimental data with 
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multiple objective functions are 
modelled at once; it represents 
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which increasing the value of 
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genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
microorganisms. Other studies have questioned the  
universality of the objective function of biomass growth 
for predicting relevant metabolic fluxes38–40.

Do cells maximize growth rate? To identify the objec-
tive function that best predicts experimental data on 
growing cells, one study41 greatly expanded the ini-
tial assessment of appropriate objective functions for 
FBA by compiling 44 metabolic flux analysis data sets of 
in vivo flux distributions for E. coli, and the researchers 
evaluated the ability of a reduced CBM to predict these 
measurements using dozens of single and combined 
candidate cellular objective functions (FIG. 1c). The best 
representation for the in vivo fluxomic data sets was a 
Pareto surface that is defined by a combination of three 
objectives: maximizing biomass generation, maximiz-
ing ATP generation and minimizing reaction fluxes 
across the network; that is, the minimization is a proxy 
for the most efficient use of the proteome42. Using flux 
variability analysis (FVA) (BOX 2), the authors found 
that there is some ‘slack’ in metabolic reaction fluxes 
when the cell is operating close to but not on the Pareto 
surface. In fact, they also observed that the in vivo flux 
distributions were slightly sub-optimal. The authors 
showed that this sub-optimality is most likely an  
evolutionary adaptation that allows rapid adjustment 
to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
carbon metabolism. Future studies are therefore needed 
to determine whether the optimality principles that 
have been derived in this study will hold for other 
metabolic subsystems that are studied using different 

Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
of	photosynthesis	is	a	function	of	latitude	as	the	incident	flux	of	photons	changes.	In	the	1960s,	Daniel	Atkinson	realized	
that	solvent	capacity	was	a	limitation	in	all	cells,	as	cells	tend	to	consist	of	70%	water	and	30%	biomass100.	In	1973,	Paul	
Weisz	showed	that	most	intracellular	processes	operate	at	rates	that	are	close	to	the	limits	of	diffusion101.	These	and	other	
myriad	constraints	under	which	cells	operate	and	evolve	have	been	summarized102.
We	can	now	systematically	reconstruct	metabolic	and	other	biochemical	reaction	networks	(see	the	figure).	Metabolic	

networks	are	analogous	to	flow	networks,	in	which	metabolites	(shown	as	circles)	‘flow’	through	the	network	in	a	manner	
that	is	similar	to	liquids	flowing	in	a	pipe.	These	flows,	and	thus	the	state	of	a	network,	are	subject	to	myriad	constraints.	
The	network	can	be	converted	into	a	mathematical	format	known	as	the	stoichiometric	matrix	for	computation.	Rather	
than	deriving	a	single	solution,	constraint-based	models	have	an	associated	solution space	(shown	as	a	box)	in	which	all	
feasible	phenotypic	states	exist	given	the	imposed	constraints.	This	allows	one	to	simultaneously	account	for	the	many	
processes	that	act	on	and	in	cells.
Metabolite	flow	is	constrained	by,	among	other	things,	the	network	topology	(for	example,	the	connection	of	

metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.

Figure	is	modified,	with	permission,	from	REF. 3	©	(2012)	Macmillan	Publishers	Ltd.	All	rights	reserved.
Nature Reviews | Genetics

Metabolic network Stoichiometric matrix Imposition of constraints

V3,maxV3,max

V1,max V1,max

V2,max V2,max

Measured
u  rates

teady‑state
mass balance

–1 10 0 00 0 00

–1 1 000 0 0 00

1 –1 1 000 0 00

0 –1 10 0 0 000

0 1–1 –10 0 00 0

0 –1 0 0 00001

–10 0 0 000 01

eactions

et
ab

ol
it

es

REVIEWS

NATURE REVIEWS | GENETICS  VOLUME 15 | FEBRUARY 2014 | 109

© 2014 Macmillan Publishers Limited. All rights reserved

Metabolic pathways
In the context of this Review, 
sets of pathways that are 
calculated by metabolic 
network-based pathway 
analysis tools such as Extreme 
Pathways and Elementary  
Flux Modes.

Metabolic engineering
The practice of improving 
cellular production of target 
compounds of interest by 
modifying and optimizing 
genetic, regulatory and 
environmental parameters  
of cellular metabolism.

Genome-scale models
The formulation, using 
mathematical models, of 
genome-scale metabolic 
network reconstructions.  
They are synonymous with 
constraint-based models in  
the context of this Review.

Pathway enrichment 
analysis
A high-throughput data 
analysis technique to 
understand more global 
changes in an experiment  
by grouping individual 
measurements of biological 
components (for example, 
genes and proteins) into a 
context that is based on 
various pathway databases (for 
example, Kyoto Encyclopedia 
of Genes and Genomes,  
BioCyc and Gene Ontology).

Metabolic flux analysis
An experimental approach  
to identify metabolic fluxes 
using isotopically labelled 
metabolites and computational 
software that reconciles 
experimental data with 
network topology.

Flux distributions
Sets of calculated flux  
values for all reactions in a 
constraint-based model.

Pareto surface
The space that is formed when 
multiple objective functions are 
modelled at once; it represents 
a set of optimal solutions, in 
which increasing the value of 
one of the objectives results in 
a trade-off with other objective 
values.

genome-scale models that are now enabling the research 
community to obtain meaningful predictions of biologi-
cal functions. This Review is focused on this most recent 
phase in the field of CBM development.

We first discuss the latest evaluations of the assump-
tions of constraint-based modelling. Second, we 
discuss the integration of genome-scale data sets — 
specifically, omic data and biomolecular interaction 
data — with CBMs. Third, we focus on how discre-
pancies between model predictions and experimental 
data allow targeted experimentation that leads to bio-
chemical discovery. Fourth, translational applications 
of constraint-based modelling, including metabolic 
engineering and drug target discovery, are discussed. 
Finally, we focus on recent advances of integrating 
CBMs with other modelling approaches to increase 
their predictive scope.

Refining objectives
The first constraint-based method for biological predic-
tions was flux-balance analysis (FBA). Its formulation is 
rooted in the hypothesis that a cell is ‘striving’ to achieve 
a metabolic objective (BOX 2). Studies have shown that, 
by optimizing the assumed cellular objectives of growth27 
and energy use36,37, one can predict metabolic fluxes in 
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to environmental perturbations. In this study, meta-
bolic flux analysis simulations were limited to central 
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Box 1 | Constraint-based modelling: motivation and definition

The	functional	capabilities	of	biological	systems	are	constrained	by	their	genetics	and	environment,	and	by	
physico-chemical	laws.	For	example,	most	natural	environments	are	limited	in	nitrogen	or	phosphate.	In	addition,	the	rate	
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metabolites)	and	a	steady-state	assumption	(for	example,	the	assumption	that	internal	metabolites	must	be	produced	and	
consumed	in	a	mass-balanced	manner).	It	is	also	constrained	by	the	known	upper	bounds	(also	known	as	capacities;	for	
example,	V

1,max
)	and	lower	bounds	of	individual	reaction	fluxes.	Imposing	such	constraints	‘shrinks’	the	solution	space	to		

a	more	biologically	relevant	region.	The	challenges	in	constraint-based	modelling	lie	in	identifying	and	imposing	the	
necessary	and	dominant	constraints	to	define	a	solution	space,	as	well	as	in	probing	the	solution	space	in	a	manner	such	
that	physiologically	relevant	fluxes	or	phenotypes	are	determined.
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ABS
TRA

CT
Reductive genomic evolution, driven by genetic drift, is common in endosymbiotic bacteria. Genome reduction is less

common in free-living organisms, but it has occurred in the numerically dominant open-ocean bacterioplankton Prochlorococ-

cus and “Candidatus Pelagibacter,” and in these cases the reduction appears to be driven by natural selection rather than drift.

Gene loss in free-living organisms may leave them dependent on cooccurring microbes for lost metabolic functions. We present

the Black Queen Hypothesis (BQH), a novel theory of reductive evolution that explains how selection leads to such dependen-

cies; its name refers to the queen of spades in the game Hearts, where the usual strategy is to avoid taking this card. Gene loss can

provide a selective advantage by conserving an organism’s limiting resources, provided the gene’s function is dispensable. Many

vital genetic functions are leaky, thereby unavoidably producing public goods that are available to the entire community. Such

leaky functions are thus dispensable for individuals, provided they are not lost entirely from the community. The BQH predicts

that the loss of a costly, leaky function is selectively favored at the individual level and will proceed until the production of public

goods is just sufficient to support the equilibrium community; at that point, the benefit of any further loss would be offset by the

cost. Evolution in accordance with the BQH thus generates “beneficiaries” of reduced genomic content that are dependent on

leaky “helpers,” and it may explain the observed nonuniversality of prototrophy, stress resistance, and other cellular functions

in the microbial world.

There is a tendency in evolutionary discourse
to describe life’s

histo
ry as a progressio

n towards increasing complexity. How-

ever, there is no reason to expect that complexity will be selectively

advantageous at all tim
es and for all species. Indeed, Gould (1)

argued that the appearance of progress in the fossil
record is a

mere artifa
ct: because there is a minimum complexity necessary to

sustain life
but no apparent upper limit to complexity, even undi-

rected change may produce more complex species by a “drunk-

ard’s walk” mechanism
while preserving relatively sim

ple bacteria

as the dominant mode of life. In fact, nature offers numerous

examples of “reductive evolution,” where sim
ple organism

s derive

from more complex ancestors. This phenomenon is typified by

macro- and microscopic parasites and symbionts, particularly

those that reside inside their hosts (e.g., see reference 2). Such

organism
s tend to lose the capacity to synthesize metabolites pro-

vided by their hosts.
For example, tapeworms lack digestiv

e tracts,

absorbing all their required nutrients transdermally from their

host’s
gut (3). Similarly, many host-a

ssociated bacteria (e.g., Lac-

tobacillu
s spp.) are no longer able to synthesize certain essential

metabolites, such as amino acids (4, 5).

Genome size in eukaryotes is subject to diverse
evolutionary

forces and is not necessarily
associated with genetic or phenotypic

complexity (6–8). In bacteria, however, reductive genome evolu-

tion often causes losses of function. Based on analyses of the ratio

of synonymous to nonsynonymous mutations in protein-coding

genes, DNA loss in parasitic
and symbiotic bacteria appears to be

driven by genetic drift
associated with

transmissio
n bottlenecks,

insulation from horizontal gene transfer (HGT), and the relax-

ation of selection on certain functions (9). In experim
entally

evolved populations of Salmonella enterica
, genetic drift

caused by

daily single-cell bottlenecks drove massiv
e and often deleterious

gene loss, consiste
nt with

hypotheses about the evolution of en-

dosymbionts (10). In contrast, adaptive gene loss has been ob-

served in experim
entally evolved populations of Escherich

ia coli

that experienced a more permissiv
e daily bottleneck of ~5 ! 106

cells (11); for example, a single operon-scale deletion arose inde-

pendently in 12 replicate lines that conferred an advantage of ~1%

in competitio
n with the ancestor (12). In nature, some free-living

bacteria also have reduced genomes, and in these cases large pop-

ulation sizes and the apparent absence of transmissio
n bottlenecks

suggest that selection, not drift,
must be responsible. For example,

Prochlorococcus and “Candidatus Pelagibacter,”
which are the

most abundant phototrophic and heterotrophic marine genera,

respectively, both exhibit reduced genomes (13, 14). The effective

population sizes of these organism
s vastly

exceed those in any

laboratory experim
ent, and therefore selection almost certainly

drove their genome reduction. The most likely explanation for the

fitness advantage conferred by genomic and metabolic “stre
am-

lining” in both natural and experim
ental populations is that it

reduces the amount of carbon and other limitin
g nutrients re-

quired to produce a new cell (12, 15, 16).

To be evolutionarily
successfu

l, however, genomic stre
amlin-

ing also
requires that the lost functions are dispensable to the

organism
, such that the cost of gene loss is less than the benefit. It

was thus surprisin
g to find that the Prochlorococcus stra

ins with

stre
amlined genomes had a greatly diminished capacity to survive

oxidative stre
ss in compariso

n with a marine isolate of the related

Synechococcus group (17), despite the fact that both organism
s are

oxygen-producing photoautotrophs. Consiste
nt with their phys-
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Figure 1. Design of a chemostat. Typically, a chemostat comprises a culture vessel in which the population grows under continuous agitation and aeration. New
media flows into the vessel at a defined rate. At the same rate, culture containing cells and medium is removed from the chemostat. The flow of media and culture is
maintained using a pumping apparatus and holding the chemostat vessel under positive pressure by means of a constant air flow.

Figure 2. Establishment of a steady state in the chemostat. Following inoculation
and initiation of culture dilution, the chemostat is characterized by a period dur-
ingwhich the population increases andnutrient abundance declines. Eventually,
a steady state is established in which the cell population remains high and the
concentration of the limiting nutrient remains low. The steady state is predicted
by the fundamental equations of the chemostat and depends on the parameter
values used in the simulation. In this simulation, µmax = 0.4 h−1, Ks = 0.05 mM,
Y = 4.6 × 107 cells mmol−1, R = 0.8 mM, and D = 0.12 h−1. The simulation was
initialized with x = 1 × 107 cells mL−1 and s = 0.8 mM.

medium and D, the culture dilution rate, by modulating the flow
rate (F) of media addition, and removal for a given culture vol-
ume (V) according to the relationship, D = F/V.

This system of equations predicts the establishment of a sin-
gle nonzero stable steady state in which the cell number and
the concentration of the growth-limiting nutrient remain con-
stant per unit time (i.e. dx/dt = 0 and ds/dt = 0) (Fig. 2). At steady
state, growth rate (µ) is submaximal and exponential. The re-

markable implication of this model is that in steady-state con-
ditions, the exponential growth rate constant (i.e. the ‘specific
growth rate’) is equal to the dilution rate (D). Thus, the doubling
time of the exponentially growing population (i.e. the generation
time) is simply ln(2)/D. By varying the dilution rate, a variety of
steady-state conditions can be established all of which have the
property of growth rate being equal to the dilution rate so long
as the dilution rate is less than the maximal growth rate of the
cells. In principle, these steady states can be maintained indefi-
nitely, enabling long-term selection in a constant environment.
Although the experimental reality of some of the parameters of
this model (Ferenci, 1999a) and the existence of a true steady
state in the chemostat have been questioned (Ferenci, 2006), the
model provides a useful conceptual framework for understand-
ing selection in a chemostat. For further background on the prin-
ciple of the chemostat, the reader is referred to the introductory
book by Kubitschek (1970) and a comprehensive mathematical
treatment of the chemostat (Smith and Waltman, 1995).

EXPERIMENTAL EVOLUTION IN CHEMOSTATS
The environment in a chemostat differs in several ways from
that of a batch culture with important implications for under-
standing the relevant selective pressures. In a batch culture, cells
initially experience nutrient-rich conditions, but as the popu-
lation grows nutrients continuously decline, and are ultimately
exhausted leading to arrest in cell growth and division. For the
purposes of experimental evolution in batch cultures, these cy-
cles of boom and bust are repeated using serial dilution (Elena
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entally

evolved populations of Salmonella enterica
, genetic drift

caused by

daily single-cell bottlenecks drove massiv
e and often deleterious

gene loss, consiste
nt with

hypotheses about the evolution of en-

dosymbionts (10). In contrast, adaptive gene loss has been ob-

served in experim
entally evolved populations of Escherich

ia coli

that experienced a more permissiv
e daily bottleneck of ~5 ! 106

cells (11); for example, a single operon-scale deletion arose inde-

pendently in 12 replicate lines that conferred an advantage of ~1%

in competitio
n with the ancestor (12). In nature, some free-living

bacteria also have reduced genomes, and in these cases large pop-

ulation sizes and the apparent absence of transmissio
n bottlenecks

suggest that selection, not drift,
must be responsible. For example,

Prochlorococcus and “Candidatus Pelagibacter,”
which are the

most abundant phototrophic and heterotrophic marine genera,

respectively, both exhibit reduced genomes (13, 14). The effective

population sizes of these organism
s vastly

exceed those in any

laboratory experim
ent, and therefore selection almost certainly

drove their genome reduction. The most likely explanation for the

fitness advantage conferred by genomic and metabolic “stre
am-

lining” in both natural and experim
ental populations is that it

reduces the amount of carbon and other limitin
g nutrients re-

quired to produce a new cell (12, 15, 16).

To be evolutionarily
successfu

l, however, genomic stre
amlin-

ing also
requires that the lost functions are dispensable to the

organism
, such that the cost of gene loss is less than the benefit. It

was thus surprisin
g to find that the Prochlorococcus stra

ins with

stre
amlined genomes had a greatly diminished capacity to survive

oxidative stre
ss in compariso

n with a marine isolate of the related

Synechococcus group (17), despite the fact that both organism
s are

oxygen-producing photoautotrophs. Consiste
nt with their phys-
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Figure 1. Design of a chemostat. Typically, a chemostat comprises a culture vessel in which the population grows under continuous agitation and aeration. New
media flows into the vessel at a defined rate. At the same rate, culture containing cells and medium is removed from the chemostat. The flow of media and culture is
maintained using a pumping apparatus and holding the chemostat vessel under positive pressure by means of a constant air flow.

Figure 2. Establishment of a steady state in the chemostat. Following inoculation
and initiation of culture dilution, the chemostat is characterized by a period dur-
ingwhich the population increases andnutrient abundance declines. Eventually,
a steady state is established in which the cell population remains high and the
concentration of the limiting nutrient remains low. The steady state is predicted
by the fundamental equations of the chemostat and depends on the parameter
values used in the simulation. In this simulation, µmax = 0.4 h−1, Ks = 0.05 mM,
Y = 4.6 × 107 cells mmol−1, R = 0.8 mM, and D = 0.12 h−1. The simulation was
initialized with x = 1 × 107 cells mL−1 and s = 0.8 mM.

medium and D, the culture dilution rate, by modulating the flow
rate (F) of media addition, and removal for a given culture vol-
ume (V) according to the relationship, D = F/V.

This system of equations predicts the establishment of a sin-
gle nonzero stable steady state in which the cell number and
the concentration of the growth-limiting nutrient remain con-
stant per unit time (i.e. dx/dt = 0 and ds/dt = 0) (Fig. 2). At steady
state, growth rate (µ) is submaximal and exponential. The re-

markable implication of this model is that in steady-state con-
ditions, the exponential growth rate constant (i.e. the ‘specific
growth rate’) is equal to the dilution rate (D). Thus, the doubling
time of the exponentially growing population (i.e. the generation
time) is simply ln(2)/D. By varying the dilution rate, a variety of
steady-state conditions can be established all of which have the
property of growth rate being equal to the dilution rate so long
as the dilution rate is less than the maximal growth rate of the
cells. In principle, these steady states can be maintained indefi-
nitely, enabling long-term selection in a constant environment.
Although the experimental reality of some of the parameters of
this model (Ferenci, 1999a) and the existence of a true steady
state in the chemostat have been questioned (Ferenci, 2006), the
model provides a useful conceptual framework for understand-
ing selection in a chemostat. For further background on the prin-
ciple of the chemostat, the reader is referred to the introductory
book by Kubitschek (1970) and a comprehensive mathematical
treatment of the chemostat (Smith and Waltman, 1995).

EXPERIMENTAL EVOLUTION IN CHEMOSTATS
The environment in a chemostat differs in several ways from
that of a batch culture with important implications for under-
standing the relevant selective pressures. In a batch culture, cells
initially experience nutrient-rich conditions, but as the popu-
lation grows nutrients continuously decline, and are ultimately
exhausted leading to arrest in cell growth and division. For the
purposes of experimental evolution in batch cultures, these cy-
cles of boom and bust are repeated using serial dilution (Elena
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Figure 1. Design of a chemostat. Typically, a chemostat comprises a culture vessel in which the population grows under continuous agitation and aeration. New
media flows into the vessel at a defined rate. At the same rate, culture containing cells and medium is removed from the chemostat. The flow of media and culture is
maintained using a pumping apparatus and holding the chemostat vessel under positive pressure by means of a constant air flow.

Figure 2. Establishment of a steady state in the chemostat. Following inoculation
and initiation of culture dilution, the chemostat is characterized by a period dur-
ingwhich the population increases andnutrient abundance declines. Eventually,
a steady state is established in which the cell population remains high and the
concentration of the limiting nutrient remains low. The steady state is predicted
by the fundamental equations of the chemostat and depends on the parameter
values used in the simulation. In this simulation, µmax = 0.4 h−1, Ks = 0.05 mM,
Y = 4.6 × 107 cells mmol−1, R = 0.8 mM, and D = 0.12 h−1. The simulation was
initialized with x = 1 × 107 cells mL−1 and s = 0.8 mM.

medium and D, the culture dilution rate, by modulating the flow
rate (F) of media addition, and removal for a given culture vol-
ume (V) according to the relationship, D = F/V.

This system of equations predicts the establishment of a sin-
gle nonzero stable steady state in which the cell number and
the concentration of the growth-limiting nutrient remain con-
stant per unit time (i.e. dx/dt = 0 and ds/dt = 0) (Fig. 2). At steady
state, growth rate (µ) is submaximal and exponential. The re-

markable implication of this model is that in steady-state con-
ditions, the exponential growth rate constant (i.e. the ‘specific
growth rate’) is equal to the dilution rate (D). Thus, the doubling
time of the exponentially growing population (i.e. the generation
time) is simply ln(2)/D. By varying the dilution rate, a variety of
steady-state conditions can be established all of which have the
property of growth rate being equal to the dilution rate so long
as the dilution rate is less than the maximal growth rate of the
cells. In principle, these steady states can be maintained indefi-
nitely, enabling long-term selection in a constant environment.
Although the experimental reality of some of the parameters of
this model (Ferenci, 1999a) and the existence of a true steady
state in the chemostat have been questioned (Ferenci, 2006), the
model provides a useful conceptual framework for understand-
ing selection in a chemostat. For further background on the prin-
ciple of the chemostat, the reader is referred to the introductory
book by Kubitschek (1970) and a comprehensive mathematical
treatment of the chemostat (Smith and Waltman, 1995).

EXPERIMENTAL EVOLUTION IN CHEMOSTATS
The environment in a chemostat differs in several ways from
that of a batch culture with important implications for under-
standing the relevant selective pressures. In a batch culture, cells
initially experience nutrient-rich conditions, but as the popu-
lation grows nutrients continuously decline, and are ultimately
exhausted leading to arrest in cell growth and division. For the
purposes of experimental evolution in batch cultures, these cy-
cles of boom and bust are repeated using serial dilution (Elena
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What is next?

• In general, Mixed Integer Bi-Level problems are 
considered as an “still unsolved” 

• Links environmental conditions to evolution 
processes   

• Developing algorithms to solve these type of 
problems are of interest in System Biology



– Theodosius Dobzhansky (1900-1975)

“Nothing in Biology Makes Sense Except in the 
Light of Evolution”



Thanks for your 
attention!


